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Abstract

Equipping agents with memory is essential
for solving real-world long-horizon problems.
However, most existing agent memory mech-
anisms rely on static and hand-crafted work-
flows. This limits the performance and gen-
eralization ability of these memory designs,
which highlights the need for a more flexible,
learning-based memory framework. In this pa-
per, we propose AtomMem , which reframes
memory management as a dynamic decision-
making problem. We deconstruct high-level
memory processes into fundamental atomic
CRUD (Create, Read, Update, Delete) op-
erations, transforming the memory workflow
into a learnable decision process. By combin-
ing supervised fine-tuning with reinforcement
learning, AtomMem learns an autonomous,
task-aligned policy to orchestrate memory
behaviors tailored to specific task demands.
Experimental results across 3 long-context
benchmarks demonstrate that the trained
AtomMem-8B consistently outperforms prior
static-workflow memory methods. Further
analysis of training dynamics shows that our
learning-based formulation enables the agent to
discover structured, task-aligned memory man-
agement strategies, highlighting a key advan-
tage over predefined routines. The project can
be accessed at https://anonymous.4open.
science/r/AtomMem-86F8.

1 Introduction

Enabling LLM-based agents to accomplish long-
horizon and more complex tasks has been a shared
goal across both industry and academia (Chen
et al., 2025; Erdogan et al., 2025; Wang et al.,
2025b). A critical bottleneck in this pursuit is
the design of memory mechanisms. Currently,
most memory mechanisms of LLM-based agents
rely on static, expert-crafted workflows (Xu et al.,
2025b; Chhikara et al., 2025; Li et al., 2025). In
these systems, memory operations are confined
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ory often fails to adapt to diverse tasks. Instead, a dy-
namic memory system is needed to determine the opti-
mal memory strategy based on the specific task context.
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to rigid, human-designed pipelines, implicitly as-
suming that a single interaction pattern suffices for
diverse scenarios.

The fundamental limitation of these approaches
is their “one-size-fits-all” assumption: they im-
pose rigid memory rules for information reten-
tion, independent of the varying demands of down-
stream tasks. Strategies like continuous memory
fusion (Xu et al., 2025b) or predefined forgetting
schedules (Zhong et al., 2023) may work well in
generic scenarios but fail in complex environments.
Specifically, continuous memory fusion risks ob-
scuring fine-grained details in precision-sensitive
tasks, while rigid forgetting schedules may prema-
turely discard early yet critical cues in long-horizon
reasoning (Wang et al., 2024). As illustrated in Fig-
ure 1, such static workflows fail to dynamically
adapt to the fluctuating information density inher-
ent in real-world interactions.

Several recent approaches attempt to mitigate
this rigidity by introducing content-level flexibil-
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ity (Wang et al., 2025a; Yu et al., 2025a). How-
ever, these methods remain bound by globally fixed
workflows. For instance, while MemAgent (Yu
et al., 2025a) allows the content of the memory
operation to be learned, the update memory action
is enforced as a mandatory step in every execution
cycle. Consequently, even when new information
is sparse or irrelevant, the agent is forced to per-
form redundant updates. We term this the “content-
optimized but workflow-constrained” paradigm,
which limits the agent’s ability to allocate cognitive
resources effectively.

To address this issue, we propose AtomMem ,
which reframes memory management of LLM-
based agents not as a fixed pipeline, but as a
decision-making problem. Drawing inspiration
from agent tool learning (Qin et al., 2023; Shen,
2024)—where models learn when to invoke tools
based on context, we deconstruct high-level mem-
ory processes into their fundamental atoms: the
standard CRUD (Create, Read, Update, Delete) op-
erations. This atomization transforms a static mem-
ory workflow into a learnable decision process (Sut-
ton et al., 1999; Dietterich, 1999). By training with
reinforcement learning (RL), the agent learns a
policy over these atomic operations, enabling it to
autonomously orchestrate memory behaviors that
are adaptively tailored to the specific demands of
each decision step.

Across three augmented multi-hop long-context
QA tasks, including HotpotQA (Yang et al.,
2018), 2WikiMultihopQA (Ho et al., 2020), and
Musique (Trivedi et al., 2022), our approach consis-
tently outperforms prior methods reliant on static
memory workflows by approximately 2-5 percent-
age points under the same Qwen3-8B backbone.
Moreover, our framework shows an increasing per-
formance advantage as document length grows in
Needle-in-a-Haystack evaluations. Together, these
results demonstrate that treating memory manage-
ment as an atomic-level capability optimized via
RL is more effective than relying on predefined
routines. Beyond overall performance gains, we
further uncover an empirical insight into how mem-
ory should be managed for QA tasks. The learned
policy exhibits a systematic shift in memory opera-
tion usage: the frequencies of Create, Update, and
Delete operations steadily increase, while reliance
on Read actions decreases and stabilizes at a lower
level. This suggests that effective memory con-
trol for QA tasks benefits from learning structured,
task-aligned patterns of memory operation usage,

rather than maintaining a fixed or unstructured ac-
cess strategy.

2 Related Works

Static Memory Workflow Early memory mech-
anisms in LLM-based agents typically relied on
heuristic-based static workflows. These memory
mechanisms can be categorized into two types: 1)
Imitation-Based: Imitation-based approaches re-
fer to transferring designs from natural systems or
other engineering domains into agent memory ar-
chitectures. For example, MemoryBank (Zhong
et al., 2023) draws an analogy between agent mem-
ory and human memory, while MemGPT (Packer
et al., 2024) likens the agent’s context to computer
memory. 2) Prior-Based: Prior-based approaches
refer to carefully crafted workflows designed by hu-
man experts based on prior knowledge (Rezazadeh
et al., 2025; Hu et al., 2023; Qian et al., 2025). De-
spite their theoretical appeal, these methods share
a common limitation: the memory workflow is
hard-coded by experts. This rigidity prevents the
agent from adapting its memory strategy to the
complexity of specific tasks. In contrast, our work
moves beyond static rules, aiming to learn a dy-
namic memory policy directly from data.

Toward Dynamic Memory Management Be-
yond static rules, research has shifted toward
adaptive memory management (Lu and Li, 2025;
Yan et al., 2025b,a), which we categorize into
three paradigms: Intuition-Based: Works like
SCM (Wang et al., 2025a), and AgentFold (Ye
et al., 2025) introduced decision gates for specific
memory actions like memory summarization, fu-
sion, pruning, or folding. While enabling some
dynamic control, these designs treat flexibility as
an ancillary feature rather than a core principle, re-
sulting in fragmented and incomplete action spaces.
Summarization-Based: MemAgent (Yu et al,,
2025a) and Meml1 (Zhou et al., 2025) utilize step-
wise overwriting summaries. Although overwriting
can theoretically emulate any atomic operation, the
workflow is restricted to a mandatory “update-at-
every-step” routine. This ignores information den-
sity, forcing redundant updates even when new data
is sparse. Hyperparameter-Based: Some prior
work recognizes the importance of dynamic mem-
ory but achieves this dynamism solely by tuning the
hyperparameters of a fixed workflow (Zhang et al.,
2025; Xu et al., 2025a). As a result, the limited op-
timization space restricts the agent to learning only
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Figure 2: Overview of the AtomMem framework. The agent interacts with long documents, web, or real-world
environments while maintaining an external memory. High-level memory workflows are decomposed into atomic
CRUD (Create, Read, Update, Delete) operations over a vector database. Through end-to-end reinforcement
learning, the agent learns a task-aligned memory management policy that dynamically decides when to store,
retrieve, update, or delete information based on task demands.

suboptimal strategies. In contrast, by decompos-
ing memory strategies into atomic operations, we
ensure a wide optimization space, increasing the
likelihood that the model learns an optimal strategy.

3 Method

In this section, we formulate the memory manage-
ment of LLM-based agents as a sequential decision-
making problem and introduce a complete action
space over memory operations.

3.1 Problem Formulation

We formulate the memory management of an LLM-
based agent as a Partially Observable Markov De-
cision Process (POMDP), defined by the tuple
(S, A, P,Q,O,R,~). In this framework, the agent
must not only interact with the external environ-
ment but also manage its internal storage to bridge
information gaps over long horizons.

> Global State S. s; € S at time ¢ consists of
two components: s; = (s, s7*“"). Here, s{™
represents the external environment (e.g., stream
input progress), and s;*“""* represents the current
state of the agent’s internal memory.

> Action Space A. An action a; € A is a joint de-
cision a; = (a{™, ay*™). While a{™" represents
task-specific execution (e.g., answering a question),
ay**™ denotes a memory management action cho-
sen from our atomic CRUD space (Create, Read,

Update, Delete).

> Transition Function P.  The transition
P(s¢41]8¢,a¢) defines how the state evolves. No-
tably, the internal memory state s;19" is directly
modified by the agent’s memory action (Create/Up-

date/Delete).

> Observation Function 0. The agent does not
have direct access to the underlying state s;. In-
stead, it receives an observation o, ~ O(s¢, ay*9"),
which consists of the current environmental input
and the memory contents. Crucially, the memory
state is not fully observable. Access to memory
contents is mediated by explicit Read operations,
whose execution is decided by the learned policy.

> Observation Space 2. An observation o; €
Q) represents the agent’s visible context at time ,
formulated as oy = (0f™", 0]"™). Here, o{"™" is
the direct environmental input, and 0{**""* contains
the memory content (e.g., scratchpad or retrieved
entries) determined by the previous action a;*9™.

To handle environmental inputs 0™’ exceed-

ing the LLM’s context window C, we adopt a
streaming observation protocol. The input is parti-
tioned into a sequence of (potentially overlapping)
fixed-length chunks: 0" = {¢cy,...,cr}, where
le:] < C. At step t, the agent’s observation is re-
stricted to o; = {c¢y, 0" }. This approach ensures
the processing of arbitrarily long sequences, contin-
gent on the effective maintenance of task-relevant



information within the memory observation oy*.

> Reward Function R. The agent’s objective is to
maximize the expected return of the task, defined
by the reward function R.

3.2 Memory Mechanism Implementation

The overall architecture of AtomMem is illustrated
in Figure 2. Rather than prescribing a fixed mem-
ory workflow, we define a set of atomic memory
operations that allow the agent to make explicit
decisions over memory. Under this formulation,
memory is modeled as a persistent, queryable stor-
age whose state evolves according to the agent’s
learned policy. Specifically, at step ¢, the memory
state is represented as a collection

My = {mi} X, (1)

where each memory entry m; encodes a piece of
stored information.

We expose memory manipulation to the agent
through a set of atomic operations:

AT = {Create, Read, Update, Delete}, (2)

each corresponding to a primitive state transition
over the memory.

At each decision step ¢, conditioned on the cur-
rent observation o, the agent’s policy emits a se-
quence of memory actions:

A =al,... a, (3)

which can be viewed as a compositional action
within a single environment step. The non-read
actions in this sequence are executed sequentially
to produce a composed memory state transition:

My = af (My). S

where each af € {Create, Update, Delete}.

In contrast, a read operation does not modify the
memory state. Instead, it produces a memory obser-
vation that is exposed to the agent. Specifically, the
Read operation exhibits an inherent latency: infor-
mation requested at step ¢ — 1 only becomes avail-
able at step t. In this case, steps ¢t — 1 and ¢ should
be treated as a single agent-internal transition, as
no new environment observation is involved.

Scratchpad To prevent the fine-grained atomic
operations from becoming overly fragmented,
which could lead to a loss of informational hierar-
chy and global coherence, we introduce a scratch-
pad. This scratchpad functions as a centralized

memory entry that is mandatorily retrieved at ev-
ery execution step. It is designed to capture the
global task state and store pivotal information es-
sential for every step of decision-making. From
an atomic perspective, the scratchpad differs from
other memory entries only in its retrieval mecha-
nism. Therefore, a unified optimization strategy
can be applied to it.

As aresult, the agent’s observation at each time
step is given by

or = {0{™,mi" a1 (My/mi)},  (5)
where m;“" is the content of the scratchpad, a;—1 €
{Read}, and a;_1(M;) denotes the memory con-
tent returned by the READ operation. This for-
mula illustrates two retrieval mechanisms of mem-
ory: the deterministic retrieval of m;“", and the
selective retrieval via the Read action, denoted as
ar—1(Mg/mie).

3.3 Optimization Strategy

Since memory operations are realized as structured
tokens in the model’s vocabulary, optimizing the
output sequence likelihood implicitly optimizes the
memory policy.

We employ a two-stage training pipeline: (1) We
first apply SFT to initialize the model, ensuring it
adheres to the API schema and learns basic mem-
ory patterns. (2) We further refine the policy using
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) to master complex memory manage-
ment in multi-turn scenarios.

During RL, each training sample corresponds
to a multi-step trajectory 7 = (01, a1, ..., or,ar),

where a; includes the task-specific action af"™" and

the memory operation a;*“", and the observation
o, is defined in Equation (5). We use task-level
success as the reward signal, i.e., no intermediate
rewards are provided and only a terminal reward is
assigned at the end of the trajectory. After obtain-
ing the reward, we compute the advantage using

the following formulation:

1
Ai=ri— DT (6)
|G\Z ’

jeG

where GG denotes the set of trajectories correspond-
ing to repeated executions of the same task, and 7;
is the terminal reward of the i-th trajectory. Follow-
ing Dr.GRPO (Liu et al., 2025), we do not apply
normalization to the advantages.



Finally, the advantage is uniformly distributed
across all output tokens in the trajectory and opti-
mized according to the following objective:

G
1 .
J()=E G > phAi — BDkL[mol|met] | (7)

=1

Here, p’é denotes the importance sampling ratio for
the i-th sample.

Notably, we apply task-level advantages uni-
formly across all tokens, including memory op-
erations. This enables the agent to jointly optimize
memory usage and task performance via RL with-
out external modules.

4 Experiments

In this section, we first introduce our evaluation
task and then present the experimental results.

4.1 Evaluation Tasks

We collect commonly used QA datasets: Hot-
potQA (Yang et al., 2018), 2WikiMultiHopQA (Ho
et al., 2020), and MuSiQue (Trivedi et al., 2022) as
our data sources. These datasets typically consist
of a question paired with several relevant docu-
ments, and answering the question requires multi-
hop reasoning across these documents. We feed
documents to the model, instructing it to memorize
information relevant to the question, and finally re-
quire the agent to answer using only the memories.
To systematically stress-test the memory capabili-
ties of agents, we augment these QA datasets along
the following two complementary dimensions.

Long-context Setting Following the
RULER (Hsieh et al., 2024) benchmark, we
construct arbitrary long-context tasks using
the following method: We shuffle the relevant
documents and interleave them with a large
number of irrelevant documents, constructing a
needle-in-a-haystack (NIAH)-style task. This
augmentation challenges the agent’s ability to
identify and remember important information from
massive amounts of input. We train on inputs
containing 200 documents (28K tokens), and at
test time scale the setting to 400 documents (56K
tokens) and 800 documents (112K tokens).

Multi-question Setting Following MEM1 (Zhou
et al., 2025) and Memory-R1 (Yan et al., 2025b),
we provide the model with multiple questions si-
multaneously. The documents relevant to these

questions are shuffled and mixed together before
being fed to the agent. After processing all docu-
ments, the model is required to answer each ques-
tion individually. This augmentation strategy chal-
lenges the model’s ability to manage and maintain
multiple semantically independent memories at the
same time. Each task contains a randomly sampled
number of questions, ranging from 1 to 10. In this
setting, the reward obtained for a task is defined
as the average of the rewards obtained across its
subtasks.

Why do we need dynamic memory management
to solve this task? Notably, the relevant docu-
ments are interleaved with distractor content and
shuffled without regard for their logical dependen-
cies. This shuffling makes the timing and logic
order of critical information unpredictable. Con-
sequently, it becomes increasingly difficult for the
agent who follows a fixed memory workflow, ne-
cessitating a more dynamic management strategy
to capture important documents.

4.2 Baselines

We evaluate our method against static baselines
with hand-designed strategies (Chhikara et al.,
2025; Park et al., 2023, Mem0, Generative Agents)
and partially dynamic models that trigger specific
actions within fixed workflows (Xu et al., 2025b;
Yu et al., 2025a, A-Mem, MemAgent). Compar-
isons also include standard RAG variants (Gao
et al., 2022) and a full-context baseline, with im-
plementation details provided in Appendix A.

4.3 Implementation Details

Models For all agents, we use Qwen3-8B (Yang
et al., 2025) as the base model. To ensure a fair
comparison with baselines, we disable the thinking
mode. For agents that require retrieval, we use
Qwen3-embedding-0.6B as the embedding model.

Agent Implementation We implement memory
using a vector database as the underlying storage.
Under this design, the Read operation corresponds
to semantic similarity—based retrieval. The query
for retrieval is provided by the read action. Each
action and its XML format will be detailed in Ap-
pendix A. Long texts are split into chunks of 4k to-
kens and fed to the agent step-by-step. At each step,
if a read operation is triggered, the memory module
retrieves 6 relevant entries from the database.



Table 1: Results on long-context multi-hop reasoning.

HotpotQA

2WikiMQA Musique

Method Avg.
200doc  400doc  800doc  200doc  400doc  800doc  200doc  400doc  800doc
Direct Answer 63.5 66.7 62.0 55.7 52.2 49.2 42.8 423 41.9 52.9
RAG 67.8 65.0 63.1 46.5 44.8 40.0 38.5 40.2 37.1 49.2
HyDE 70.0 68.6 66.6 47.5 40.7 43.7 46.7 439 45.6 52.6
Generative Agents 38.8 24.9 10.0 12.3 4.0 2.0 19.8 14.9 8.4 15.0
MemO 38.2 35.5 33.9 242 17.9 18.3 14.0 13.4 11.2 23.0
A-Mem 73.5 71.8 70.4 62.7 60.9 57.1 471 46.3 41.6 59.0
MemAgent 76.5 74.4 71.1 65.8 60.7 57.7 54.7 50.0 44.5 61.7
AtomMem (ours)
SFT 65.9 66.9 60.1 52.8 52.8 55.0 47.8 43.5 40.0 53.9
RL 77.8 76.9 72.9 67.5 65.8 62.5 55.1 49.1 48.5 64.0
SFT Implementation SFT is applied to equip Create Read
. . . . — 2Wiki
the model with stable instruction-following behav- g HotpotQA o
ior and basic task completion capability. Specif- 5, dnaatiaite sy IILE
. . . < ]
ically, we conduct supervised fine-tuning on £ / 02 N 44T
4K prompt—completion pairs sampled from Hot- s @ e @ 0 ¢ o 4 6 @ it
: : : : : Ste Ste
potQA via rejection sampling using ‘DeepSGek— Upda‘ie Del e‘t’e
V3.1 (DeepSeek-Al et al., 2025), serving primar- 0.04
ily as a lightweight initialization. For MemA- 2 , Il
y g g : g ANl Tl o \ g
gent, to rule out performance differences caused by & // 002l S
training-induced misalignment, we also perform o2
1 20 40 60 80 100 20 40 60 80 100
SFT with the same amount of data. Step Step

RL Implementation For SFT, we only use the
model trained on HotpotQA to ensure stable format-
following, but for RL, we train on each dataset
individually to obtain task-specific policies. We
adopt a fully on-policy RL strategy, where each
rollout is used for a single update. We use exactly
match (EM) between the model answer and the
ground-truth as the reward, to prevent potential
reward hacking. The RL hyperparameters are also
kept identical across trained agents (MemAgent
and AtomMem ). Additional hyperparameters are
provided in the Appendix A.

4.4 Main Results

All data points are averaged over three repeated
runs to ensure numerical stability. The main exper-
imental results are shown in Table 1. We highlight
the following observations:

(1) AtomMem achieves superior performance
and robust scalability across varying task scales.
It outperforms all trained and untrained baselines
on average. Notably, in the 800-document set-
ting—a 4 x extension of the training context—our
model maintains a significant performance lead.
This indicates that the agent has learned a content-
aware memory policy capable of mitigating infor-

Figure 3: The frequency of the memory operations dur-
ing the RL training. The y-axis represents the average
number of memory API calls made by the model.

mation overload as environmental noise increases.
(2) RL training substantially optimizes the
agent’s memory policy, resulting in large perfor-
mance gains. After RL training, AtomMem im-
proves by nearly 10 percentage points on average
across different task settings. This improvement in-
dicates that directly optimizing memory decisions
with task-level feedback is critical for effective
long-context reasoning. In particular, RL enables
the agent to refine when and how memory opera-
tions are applied under noisy and extended contexts,
leading to markedly stronger end performance.

4.5 Training Dynamic Analysis

In this section, we provide a detailed analysis of
the RL training dynamics of AtomMem .

As shown in Figure 3, RL training induces sys-
tematic changes in the agent’s memory operation
usage. Specifically, we have the following findings:

(1) The model’s behavior shifts from under-
managed to task-aligned memory usage. Early in
training, the model over-relies on Read actions and



Table 2: Ablation study of memory operations and mem-
ory components. Percentage values in brackets repre-
sent the relative performance decrease.

Method HotpotQA 2WikiMQA Musique
AtomMem 77.8 67.5 55.1
Selective Memory Operations
w/o Update 714 (-64)  62.6 (-4.9) 47.9 (-7.2)
w/o Delete 76.5(-13)  67.8 (+0.3) 54.2 (-0.9)
Memory Components
w/o scratchpad 71.8 (-6.0)  56.3(-11.2)  46.0 (-9.1)
w/o storage 69.2 (-86) 59.4 (-8.1) 43.9 (-11.2)
w/o Both 25.6 (-522) 27.1 (-40.4) 12.1 (-43.0)
0.75 -
AtomMem
= scratchpad only
0.70 { — storage only
o 0651
S
“ 0.60
0.55 -
0.50 T : T T .
0 20 40 60 80 100
step

Figure 4: Training curves for optimizing a single com-
ponent and for jointly optimizing all the components.

largely neglects memory maintenance, leading to
redundant retrievals. As training progresses, Read
usage decreases sharply, while Create, Update, and
Delete actions increase substantially. This tran-
sition indicates that the model learns to maintain
a compact, task-relevant memory by preserving
useful information, revising outdated entries, and
removing redundancy.

(2) While the frequency of Update actions re-
mains low, they represent the critical few that
significantly influence the agent’s overall perfor-
mance. We conduct an ablation study as shown
in Table 2, demonstrating that removing Update
operations leads to a substantial performance drop
across all benchmarks, indicating that selectively
revising existing memories is critical for maintain-
ing accurate and compact representations as new
evidence arrives. In contrast, disabling Delete has
only a marginal impact, suggesting that explicit
memory removal is less crucial under the current
task distribution, where most stored entries are non-
conflicting, and memory capacity is sufficient.

4.6 Ablation and Analysis

In this section, we conduct ablation studies on the
various memory components of AtomMem and
examine the impact of hyperparameters.

Ablation of Memory Component This experi-
ment investigates the contribution of components
to the final performance. The ablation results are
reported in Table 2. We can see that:

(1) AtomMem exhibits robustness to the re-
moval of individual memory components. Re-
moving either the scratchpad or the external mem-
ory storage leads to a moderate performance drop,
whereas removing both results in a catastrophic
degradation exceeding 40 points. This suggests that
when one component is unavailable, the learned
policy can still rely on the remaining component
to preserve most task-relevant information, rather
than collapsing entirely. This indicates that Atom-
Mem is robust to component-level failures.

(2) Both the memory storage and the scratch-
pad contribute substantially to the final perfor-
mance of AtomMem . Removing either compo-
nent leads to a consistent performance drop of 5-10
points across all benchmarks. This indicates that
the information preserved by the scratchpad and
the external memory storage differ fundamentally
in domain and usage, such that neither can be fully
substituted by the other.

To verify this, we trained another two variants
of AtomMem from scratch: scratchpad-only and
storage-only. The results are shown in Figure 4.
From the experimental results, we observe that the
other two variants do not achieve performance
comparable to AtomMem . The scratchpad-only
variant remains consistently below AtomMem dur-
ing training, whereas the storage-only variant ben-
efits marginally from RL. This indicates that our
design effectively raises the performance ceiling
of the agent. The significant gap between Atom-
Mem and its variants suggests that the synergy
between the scratchpad and memory storage is a
structural necessity for handling complex tasks.

Effect of Hyper-Parameters In this experiment,
we investigate the effect of several key hyperpa-
rameters of AtomMem , including chunk size and
retrieve number. The chunk size determines the
length of the text segment processed by the agent
at each step, while the retrieve number specifies
how many entries are retrieved from storage at each
step. The experimental results are shown in Table 3.



Task

Stepn Case 2 | (information partially captured )

~

Step n-1 information uncaptured

I
Which film came out first, Blind Shaft or Dracula? J

ScratchPad: The current documents provide details about various films
but none directly mention “Blind Shaft” or “Dracula”.

Memory 1: Peter Kosminsky is a British director. He has directed
Hollywood movies such as “White Oleander”.

Stepn Case 1 ] [ information still uncaptured

env

0, ..Document 150:Blind Shaft is a 2003 film about...

at’"””’ Record information, try to Read

ScratchPad: Document 150 provides the release year for “Blind Shaft”
(2003). but “Dracula” itself is not documented here.
<create_memory>Film: “Blind Shaft” is a 2003 Chinese film directed by Li
Yang.</create_memory>

<read_memory>Blind Shaft release date; Dracula release
date</read_memory>

Stepn Case 3 |[ information completely captured

o;’”v Still some unrelated document

q"e" Note in the scratchpad that no relevant information was
! found, and store the most likely related entries.

ScratchPad: The provided documents contain information about various
films and directors, but none are relevant to the specific query...

<create_memory> “Dracula's Daughter” was released in 1930...This is
relevant to “Dracula” as part of the same franchise. </create memory>

env ...Document 71:Blind Shaft is a 2003 film about ... Document
t 100: Dracula is a 1932 pre-Code adventure film

a[mm Draw conclusion, update memory, overwriting useless entries.

ScratchPad: Conclusion: “Dracula” was released in 1932 “Blind Shaft”
was released in 2003. Therefore, “Dracula” came out before “Blind Shaft”.

<update_memory>Memory 1: “Dracula” came out before “Blind

Shaft”.</update_memory>

Figure 5: A case illustrates that the model adopts different memory management strategies (a;*™) when facing
different task contexts of"". It demonstrates the dynamic nature of AtomMem .

Table 3: Hyperparameter Analysis of Chunk Size (C')
and Retrieve Number (K).

C K HotpotQA 2WikiMQA Musique Avg.

2048 3 76.2 64.2 49.9 63.4
2048 6 76.8 67.6 52.6 65.7
2048 12 75.0 67.3 52.6 65.0
4096 3 74.2 64.8 54.6 64.5
4096 6 76.9 67.5 55.1 66.5
4096 12 774 69.6 54.5 67.2
8192 3 76.4 65.2 53.0 64.9
8192 6 78.7 67.9 54.0 66.9
8192 12 76.5 67.5 52.8 65.6

From the results, we find that:

(1) The retrieval size X must match the task’s
memory demand. Reducing K from 6 to 3 causes
a clear performance drop, while increasing it to 12
brings little benefit. This is because the evaluated
benchmarks require only 2—4 hop reasoning, for
which retrieving about six documents is sufficient.

(2) AtomMem is robust to chunk size. Perfor-
mance remains consistent across different chunk
sizes, due to the base model’s strong long-context
understanding and reinforcement learning that en-
ables effective information extraction at varying
granularities.

5 Case Study

In this section, we analyze the model’s responses
on a case-by-case basis to understand what memory
workflow the model has learned. As illustrated in
Figure 5, we present three scenarios at step n that

demonstrate the agent’s learned ability to adapt its
memory workflow based on the observation of™".
> Case 1: When of"" contains unrelated docu-
ments, the agent uses the scratchpad to log the
absence of relevant info and only stores potentially
related background entries.
> Case 2: When of™" provides partial information
(e.g., the release date of a single film), the agent
commits the newly found evidence to memory and
proactively generates a <read_memory> request to
retrieve the missing piece.
> Case 3: In the scenario where all required in-
formation is present, the agent synthesizes the re-
trieved facts within the scratchpad to derive the
final answer and uses <update_memory> to over-
write useless entries with the conclusion.
Together, these cases illustrate that the agent
has learned a context-sensitive memory workflow,
dynamically deciding when to ignore, retrieve, up-
date, or consolidate memories based on the infor-
mational sufficiency of the current observation.

6 Conclusion

In this paper, we propose AtomMem , which re-
frames agentic memory management as a dynamic
decision-making problem by deconstructing com-
plex workflows into atomic CRUD operations. By
optimizing this learnable decision process, Atom-
Mem moves beyond the limitations of static, “one-
size-fits-all” memory pipelines. Experimental re-
sults and training dynamics demonstrate that this
approach enables a task-aligned memory policy.



Limitation

Despite its effectiveness, RL optimization is com-
putationally intensive. Training an agent model to
convergence requires approximately 2 to 3 days
on an 8-GPU cluster. This computational over-
head may become a bottleneck when scaling our
approach to even longer-horizon or noisier tasks.

Ethical Statement

All data used in this work are sourced from open-
source datasets and do not contain personal or pri-
vate information. The LLM is used solely for writ-
ing and sentence refinement. This work does not
pose any potential ethical or societal risks.
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A Implementation Details

In this section, we list the training hyperparameters,
which are shared across all training agents. All
training is conducted on NVIDIA A800 GPUs.

A.1 SFT Hyperparameters

For all training agents, we sample 4k
prompt—completion pairs from DeepSeek-
V3.1, which, under our 200-document setting,
correspond to approximately 300 complete
trajectories. We use the TRL training framework
with a batch size of 16 and train on this data for
three epochs. To prevent data leakage, the SFT
dataset, RL dataset, and evaluation dataset are
strictly isolated.

A.2 RL Hyperparameters

All key RL training hyperparameters are shown
in Table 5.

A.3 Agent Implementations

A.3.1 Action Space Protocol

As shown in Table 4, we define four atomic CRUD
operations for long-term memory management,
each associated with a structured XML schema
and explicit parameters. The Create operation in-
serts new content as a standalone memory entry
into the vector database. Read takes a textual query
as input and retrieves the top-k£ most relevant en-
tries based on vector similarity. Update specifies a
unique memory identifier along with revised con-
tent, enabling selective modification of existing en-
tries. Finally, Delete removes a memory entry by
its identifier, permanently clearing it from storage.
Together, these operations provide fine-grained and
interpretable control over memory creation, access,
refinement, and removal.

A.3.2 LLM Inference Hyperparameters

The Qwen3 series recommends using a temperature
above 0.6 during inference to avoid repetitive out-
puts and unstable reasoning; therefore, we set the
inference temperature of all agents to 0.7. Mean-
while, top-p is set to 1 and top-k is disabled.

A.4 Baseline Implementations

In this work, we use the following baseline:

(1) RAG & HyDE: Each document is individu-
ally stored in the vector database (without chunk-
ing). During retrieval, for each question, the ques-
tion itself is used as the query to retrieve six docu-
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Table 4: Atomic CRUD Operations for Long-Term Memory Management

Operation XML Tag Schema Functionality

Create <create_memory>{content}</create_memory> Add new entry to the vector database
Read <read_memory>{query}</read_memory> Retrieve top-k relevant entry

Update <update_memory>{memory id: content}</update_memory> Modify an existing entry by its identifier
Delete <delete_memory>memory id</delete_memory> Permanently remove an entry

Table 5: Reinforcement Learning Hyperparameters

Hyperparameter Value

RL algorithm GRPO

Base model Qwen3-8B
Batch size 16

Rollout Group Size 16

Learning rate le-6

Clip Range High 0.28 (Yu et al., 2025b)
Clip Range Low 0.2

Entropy Loss coefficient 0

KL Loss coefficient
Training framework
Hardware

0 (Wang et al., 2025¢)
Verl (Sheng et al., 2025)
NVIDIA A800

ments, which are then concatenated and fed to the
model for answering.

(2) Direct Answer: We use YaRN scaling to ex-
tend the context of Qwen3-8B to 128K tokens to ac-
commodate the 400-document and 800-document
settings. All questions are input to the model si-
multaneously, and it is required to answer them
sequentially.

(3) memO & Amemé& Generative Agents: We
follow the same chunking strategy as Atom-
Mem and use official examples to construct the
memory library. During retrieval, we adopt the
same strategy as RAG: each question is queried
separately, and the retrieved results are concate-
nated before being fed to the model.

B Efficiency Analysis

Efficiency is not the main focus of our study, as
there are many opportunities for optimization and
parallelization within each agent framework. Nev-
ertheless, we provide a simple efficiency analysis
here. The notable differences still demonstrate that
AtomMem achieves optimal performance at com-
paratively high efficiency. The result is shown in
Table 6.

Analyzing the experimental results, we make the
following observations: AtomMem and MemA -
gent achieve much higher processing efficiency
compared to other agent memory workflows.
This is mainly because the other workflows invoke
the LLM multiple times for each input, and this se-
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Table 6: Wall Clock Running Time for Different Meth-
ods

Method Wall Clock Time (second/task)
AtomMem 97.6

MemAgent 49.7

A-Mem 1278.1

Generative Agents 208.0

Mem0 247.8

rialized process significantly reduces the efficiency
of the memory mechanism, making it nearly un-
scalable.

C Prompt

In this section, we present the prompt structure that
remains constant throughout the agent’s execution.
The agent’s system prompt and the prompt for its
memory fields are shown in Figure 6 and Figure 7.



(Agent Prompt)

System Prompt:

You are presented with a section of an article and a previous memory. Please learn the provided section carefully and manage
your memory to answer questions.

Your short-term memory is a step-wise updated summary, while your long-term memory is a vector database that can be
updated through atomic operations.

short-term memory is updated using <update_memory>,you should use this every response.

Four kinds of memory actions for the database are available: <update_query>: The system maintains a query for memory
retrieval. You can modify it via query operations. You will not get any memory unless you give a query.

<add_memory>: creates a new entry in the memory. You do not need to repeatedly add the memory shown to you or enter the
index of the memory.

<modify_memory>: updates the existing entry. You need to enter the memory index "Memory i:" to specify which memory to
modify. To manage large volumes of memory effectively, you should prioritize using the "modify" function MORE frequently,
rather than relying solely on "add" operations.

<delete_memory>: delete a memory. You need to enter the memory index "Memory i" to specify which memory to delete. You
must delete duplicate memory entries!

Use paired XML tags as action markers so you can perform multiple actions—such as adding several memories—in a single
response.

action example 1:

<update_query>dance partner; Yulia Zagoruychenko. </update_query>

action example 2:

<add_memory>

Document 10 indicates that the dance event took place in Moscow in October and that Yulia participated in it. I need to focus
more on who else attended this event or who traveled to Moscow in October, in order to infer who Yulia’s dance partner might
be.

</add_memory>

action example 3:

<modify_memory>

Memory 1: The current article provides updated competition records showing that Riccardo Cocchi is now partnered with
Emily in the 2025 season, while no recent evidence confirms his continued partnership with Yulia Zagoruychenko. This
conflicts with the previous memory stating that Yulia’s partner is Riccardo. Since the information clearly supersedes the earlier
record, the correct action is to modify the existing memory to reflect that Yulia’s current dance partner is unknown as of 2025,
and mark the entry for re-verification.

</modify_memory>

action example 4:

It can be observed that Entry 2 and Entry 6 are largely duplicated. Since Entry 6 is more recent, I choose to delete Entry 2.
<delete_memory>

Memory 2

</delete_memory>

Response example:

<update_memory>

1. Memory Framework Overview

The provided section describes a memory-augmented reasoning framework in which the agent maintains two complementary
memory systems. Short-term memory functions as an evolving, step-wise summary that tracks the most immediate context,
while long-term memory resides in a vector database capable of being updated through atomic operations.

2. Memory Operations

The text further introduces four atomic memory actions—update_query, add_memory, modify_memory, and
delete_memory. These collectively define how the agent: - retrieves information through query management, - adds
new knowledge, - updates outdated or inaccurate entries, and - removes redundant or conflicting information.

3. Functional Role of the Two Memory Types The mechanisms emphasize the importance of active and continuous memory
management. Short-term memory captures high-level situational summaries that guide immediate reasoning, while long-term
memory stores fine-grained, reusable knowledge that can support future inference, compensate for missing context, and
improve the agent’s overall consistency across steps. </update_memory>

<update_query>

short-term vs long-term memory mechanism; atomic operations; memory workflow

</update_query>

<add_memory>

Long-term memory note: The system’s memory architecture explicitly separates short-term and long-term roles. Short-term
memory is updated every step and acts as a compressed running summary of what the agent has just read, inferred, or decided.
In contrast, the long-term memory is a vector-database-backed store meant to hold more detailed, fine-grained, and broadly
relevant information—such as definitions, recurring concepts, protocol rules, and any knowledge that may be useful across
multiple future queries. The long-term store is maintained through atomic operations (query updating, adding new facts,
modifying older entries, and deleting redundant ones), making it flexible and continually improvable as new context appears.
</add_memory>

Figure 6: System prompt for the task.
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Agent Prompt

User: This is the question you need to solve:

prompt

This is your short-term memory from the previous turn.

{short_memory}

This is the current query to retrieve memory from the database:

{query}

This is the current memory related to the query:

{long_memory}

Tips: DO NOT repeatedly update the query. If you don’t have the desired memory, it means the
entry does not exist in the knowledge base. AVOID using update_query multiple times within
a single response; instead, you can use a long and composite query to retrieve documents for
different questions. The query matches documents based on semantic embeddings, and composite
queries are best composed of keywords.

This is the article:

{chunk}

Figure 7: memory prompt for the task.
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