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ABSTRACT

Effective long-term memory for LLM-based agents encompasses two fundamen-
tally distinct capabilities: system memory (a.k.a. experiential memory), which dis-
tills reusable procedural knowledge from task execution, and personal memory
(a.k.a. factual memory), which retains user-specific facts and preferences across
sessions. In real-world deployments, these two memory types co-evolve with
blurred boundaries—yet existing methods and benchmarks treat them in isola-
tion, an assumption that breaks down the moment an agent must simultaneously
execute tasks and serve a persistent user. We introduce AgentMemoryBench, the
first benchmark to jointly evaluate system and personal memory under a unified
continual-learning framework. It spans six datasets across four environment types
and standardizes five complementary evaluation modes (offline, online, replay,
transfer, and repair) to measure improvement, retention, forgetting, generaliza-
tion, and knowledge conflict resolution over time. Building on this benchmark, we
propose MEMs, a multi-memory coordination framework that maintains separate
specialized stores and employs a lightweight trigger model as a meta-cognitive
router to selectively retrieve and update each store. Experiments reveal that single-
memory and in-context learning designs suffer systematic performance collapse
in mixed-task regimes due to memory contamination and architectural mismatch,
while MEMs maintains stable learning across task boundaries. AgentMemory-
Bench establishes a reproducible evaluation loop and provides practical guidance
for developing memory systems that hold up in the real world.
Source code: https://github.com/s010m00n/AgentMemoryBench.

1 INTRODUCTION

Effective long-term memory for LLM-based agents encompasses two fundamentally distinct capa-
bilities. System memory (a.k.a. experiential memory) distills reusable procedural knowledge from
task execution—tool traces, intermediate artifacts, and workflows—so that agents improve their task
success over time. Personal memory (a.k.a. factual memory) retains user-specific preferences, facts,
and dialogue events across sessions, enabling long-horizon personalization. Both are prerequisites
for continual adaptation (Hu et al., 2026b; Wu et al., 2025b): without system memory, agents repeat
the same mistakes; without personal memory, every session starts from scratch.

In real-world deployments, however, these two memory types co-evolve with blurred boundaries.
Consider an agent that alternates between database query tasks and open-ended user dialogue: a
system-memory method (e.g., AWM (Wang et al., 2024)) can induce reusable SQL workflows from
task trajectories but cannot track the user’s personal preferences; a personal-memory method (e.g.,
Mem0 (Chhikara et al., 2025)) retains factual user context but cannot generalize procedural expe-
rience across task variants. Neither type alone is sufficient, as shown in Figure 1—yet existing
methods and benchmarks treat them in isolation, an assumption that breaks down the moment an
agent must simultaneously execute tasks and serve a persistent user (Wu et al., 2024; Zheng et al.,
2025; Zhang et al., 2025; Zhi et al., 2025).
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Figure 1: Comparison of Personal Memory Method (mem0) and System Memory Method (awmPro)
Performance on Two Real-world Sub-task Trajectories.

Additionally, existing benchmarks further fail to capture the dynamic nature of memory. Most adopt
static, offline evaluation that tests performance at a single time point, concealing learning dynamics
such as knowledge retention, forgetting, forward/backward transfer, and conflict resolution (Ai et al.,
2025; Maharana et al., 2024; Wu et al., 2025a). Even stream-based protocols (Wu et al., 2024; Zheng
et al., 2025; Wei et al., 2025) cover only one memory type and lack the complete CONTINUAL-
LEARNING metrics needed to capture retention, forgetting, and transfer (Shi et al., 2024), as well
as dedicated conflict-resolution metrics for evaluating how agents reconcile logical contradictions
between new and prior knowledge—analogous to the EDIT SUCCESS measures introduced in
KnowEdit (Zhang et al., 2024).

To close this gap, we introduce AgentMemoryBench, the first benchmark to jointly evaluate sys-
tem and personal memory under a unified continual-learning framework with five complemen-
tary modes: offline, online, replay, transfer, and repair (Figure 3)—designed to measure improve-
ment, retention, forgetting, generalization, and knowledge-conflict resolution respectively. Agent-
MemoryBench spans four grounding types—code-grounded (Liu et al., 2025), embodied (Shrid-
har et al., 2021), web-grounded (Yao et al., 2023), and dialogue-grounded (Maharana et al.,
2024) environments—and supports seeded task interleaving to emulate boundary-blurred real-
world streams, as shown in Figure 2. Building on AgentMemoryBench, we propose MEMs, a
multi-memory coordination framework that maintains separate specialized stores and employs a
lightweight trigger model as a meta-cognitive router to selectively retrieve from and update each
store.

Our contributions are threefold. First, we present AgentMemoryBench, the first unified benchmark
that simultaneously evaluates system memory (experiential) and personal memory (factual) across
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five complementary modes (as shown in Figure 3), enabling rigorous measurement of learning dy-
namics, retention, forgetting, generalization, and conflict resolution in a single reproducible frame-
work. Second, we propose MEMs, a multi-memory coordination framework that maintains separate
specialized stores and employs a lightweight trigger model to route retrieval and updates, enabling
stable procedural reuse and personalization under blurred task boundaries. Third, experiments re-
veal that single-memory and in-context learning designs suffer systematic performance collapse in
mixed personal–system regimes, while MEMs maintains stable learning across task boundaries, as
shown in Figure 5.

2 RELATED WORK

Memory methods vs. in-context learning. In-context learning (ICL) is a prompt-learning
paradigm (Dou et al., 2026): it incorporates a few input–output examples into the prompt, allowing
models to infer task format and expected behavior without updating any parameters. Memory meth-
ods operate on a fundamentally different principle: they persist knowledge in external stores and
follow a structured retrieve–form–evolve lifecycle (Section 3.1.2), enabling agents to accumulate
and reuse experience across tasks. Memory methods are further divided into system memory meth-
ods, which extract reusable procedural knowledge from task execution (e.g., AWM (Wang et al.,
2024), MemRL (Zhang et al., 2026a), AgeMem (Yu et al., 2026)), and personal memory methods,
which retain user-specific facts and preferences (e.g., Mem0 (Chhikara et al., 2025), MemOS (Li
et al., 2025), EverMemOS (Hu et al., 2026a)).

Figure 2: Illustration of the memory lifecycle
(retrieval, formation, and evolution operators)
invoked across a mixed task stream (DB and
LoCoMo-4 interleaved, and the seed is 66).

Benchmarks have driven rapid progress in
agent memory, mirroring their role in ad-
vancing reasoning (Wu et al., 2025b), gen-
eral task-solving (Liu et al., 2025), and
agentic abilities (Yao et al., 2023; Shridhar
et al., 2021). However, existing agent mem-
ory benchmarks bifurcate into personal mem-
ory (e.g., LoCoMo (Maharana et al., 2024),
HaluMem (Chen et al., 2026)) and system
memory (e.g., StreamBench (Wu et al., 2024),
LifelongAgentBench (Zheng et al., 2025)),
each evaluated in isolation. This fragmenta-
tion leaves a critical gap, as shown in Figure 1:
methods that attempt to bridge both types—
such as MemGen (Zhang et al., 2025), which
unifies heterogeneous memory representations
via latent token sequences—have no bench-
mark that supports the mixed-scenario streams
in which such coordination is actually needed.
MemoryBench (Ai et al., 2025) partially ad-
dresses this by covering both memory types, but
restricts evaluation to offline, static snapshots—
concealing how memory quality evolves under
continuous interaction.

Offline evaluation conceals learning dynam-
ics. Most existing benchmarks adopt a
static train-test split (e.g., LongMemEval (Wu
et al., 2025a), KnowMe-Bench (Wu et al.,
2026), PersonaMem-v2 (Jiang et al., 2025),
and DMR (Packer et al., 2024)) , measur-
ing only terminal performance. This snap-
shot cannot reveal how memory quality evolves
over time. Stream-based protocols (e.g.,
StreamBench (Wu et al., 2024), LifelongAgent-
Bench (Zheng et al., 2025), Evo-Memory (Wei
et al., 2025)) introduce online learning curves, but cumulative success rate alone is insufficient: ICL
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Table 1: Comparison of AgentMemoryBench with Existing Benchmarks across Memory Catego-
rization, Evaluation Modes, and Continual Learning Metrics. See Appendix E.6 for column defini-
tions and symbol guide.
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AgentMemoryBench (ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
LoCoMo† (Maharana et al., 2024) ✓ □ × × × × × × ✓ × × × ×
HaluMem‡ (Chen et al., 2026) ✓ × × × × × ✓ × × × × × ×
StreamBench (Wu et al., 2024) ✓ × × × × ✓ ✓ × × ✓ × × ×
LifelongAgentBench (Zheng et al., 2025) ✓ × × × × ✓ ✓ × × ✓ × × ×
Evo-Memory (Wei et al., 2025) ✓ × × × ✓ ✓ ✓ ✓ × × ✓ × ×
MemoryBench (Ai et al., 2025) ✓ □ × ✓ ✓ × × × ✓ × × × ×
Mem2ActBench (Shen et al., 2026) × □ × □ × ✓ □ □ □ □ □ □ □
CL-bench§ (Dou et al., 2026) × □ ✓ □ ✓ ✓ □ □ □ □ □ □ □

✓: supported; ×: not supported; □: not applicable
† Also includes LongMemEval (Wu et al., 2025a), KnowMe-Bench (Wu et al., 2026), PersonaMem-v2 (Jiang

et al., 2025), and DMR (Packer et al., 2024); ‡ Also includes AMemGym (Jiayang et al., 2026); § Also
includes CONTEXTBENCH (Li et al., 2026) and CODE2BENCH (Zhang et al., 2026b)

baselines such as StreamICL (Wu et al., 2024) can match dedicated memory methods on this metric
by activating LLM pretraining priors rather than accumulating genuine knowledge. As shown in
Tables 6–9 (see Appendix A), StreamICL can match or exceed dedicated memory methods under
offline and basic online metrics. Thus, distinguishing persistent memory methods from Stream-
ICL requires generalization metrics, continual learning indicators (forgetting, forward transfer), and
knowledge-conflict resolution measures—none of which existing benchmarks provide.

Context-learning benchmarks offer a complementary perspective. CL-bench (Dou et al., 2026),
CONTEXTBENCH (Li et al., 2026), and CODE2BENCH (Zhang et al., 2026b) address an anal-
ogous discrimination problem within a single session: separating genuine context learning from
mechanical retrieval. Mem2ActBench (Shen et al., 2026) extends this to memory-grounded tool
calls, but remains a context-learning benchmark and does not resolve this discrimination problem.
Long-term memory evaluation faces the same core challenge at a different timescale—across the
full lifetime of an agent rather than within one context window. Our replay, transfer, and repair
modes extend this evaluation philosophy to the long-term memory setting, providing the multi-
dimensional protocol needed to rigorously assess persistent memory methods and distinguish them
from in-context learning baselines. A detailed benchmark comparison is provided in Table 1.

For an extended discussion of memory benchmarks and methodologies, please refer to Appendix E
and Appendix F.

3 AGENTMEMORYBENCH AND MEMS

AgentMemoryBench addresses a fundamental evaluation gap: can existing memory methods main-
tain stable performance when system and personal tasks co-occur with blurred boundaries? It
comprises six datasets across four environment types (Table 2) and standardizes five complementary
evaluation modes—offline, online, replay, transfer, and repair—to measure learning improvement,
knowledge retention, forgetting, cross-task generalization, and conflict resolution. To complement
the benchmark, we further propose MEMs, a multi-memory coordination framework that employs
a lightweight trigger model to route retrieval and updates across specialized system and personal
memory stores.
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Table 2: Summary of AgentMemoryBench Datasets
Dataset Environment Type Memory Type # Sub-tasks Evaluation Metrics

DB (Liu et al., 2025) Code-grounded System 300 ASR, AS
OS (Liu et al., 2025) Code-grounded System 144 ASR, AS
KG (Liu et al., 2025) Code-grounded System 150 ASR, AS
ALFWorld (Shridhar et al., 2021) Embodied System 109 ASR, AS
WebShop (Yao et al., 2023) Web-grounded System 200 ASR, AS
LoCoMo (Maharana et al., 2024) Dialogue-grounded Personal ∼2000 F1, BLEU, LLM as J

Detailed construction protocols and task specifications are provided in Appendix G

3.1 PROBLEM FORMULATION

Each task in AgentMemoryBench corresponds to a dataset; each dataset contains multiple sub-
tasks—individual samples requiring single-turn or multi-turn agent–environment interactions.

To systematically evaluate memory systems across these datasets and evaluation modes, we es-
tablish a formal framework defining the agent-environment interaction protocol. This formulation
specifies how memory is retrieved before each sub-task and how new experiences are transformed
into persistent memory upon completion.

3.1.1 SINGLE SUB-TASK TRAJECTORY DEFINITION

We formalize memory evaluation in large language model (LLM) based agents as follows. Consider
an agent executing a sub-task within an environmental state space S. The state evolves according to
a stochastic transition model Ψ:

st+1 ∼ Ψ(st+1|st, at)
where at denotes the action at each time step t. At each step t, the agent receives an observation:

ot = O(ht, Q)

Here, ht represents the interaction history visible during the current sub-task, typically the agent-
environment trajectory. Q denotes sub-task requirements, including the system prompt, toolset T ,
and objective. O is the observation function that constructs the agent’s current view by combining
interaction history with task requirements. The agent selects actions following a policy:

at = π(ot,mt), at ∈ T

where mt is the memory signal retrieved from system Mt:

mt = R(Mt, ot)

The retrieval operator R identifies relevant content based on the observation and returns a formatted
signal, such as text snippets or summaries, for the LLM policy.

3.1.2 MEMORY SYSTEM LIFECYCLE

The memory lifecycle during sub-task k execution is examined below. The memory system Mt ∈
M, where M is the space of permissible configurations, evolves through three operators. The
memory retrieval operator R extracts relevant information at time t based on the observation and
memory state Mt:

mt = R(Mt, ot), t ≥ 0

The memory formation operator F transforms informational artifacts ϕt generated after an action
into memory candidates. These artifacts may include tool outputs, reasoning, plans, self-evaluations,
or environmental feedback:

Mform
t+1 = F (Mt, ϕt), t ≥ 0

The memory evolution operator E integrates candidates into the repository. The evolved state Mt+1

persists for subsequent decisions and sub-tasks:

Mt+1 = E(Mform
t+1 ,Mt), t ≥ 0
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Most studies (e.g., StreamBench (Wu et al., 2024), LifelongAgentBench (Zheng et al., 2025), Evo-
Memory (Wei et al., 2025)) adopt a sub-task-level update hypothesis. Instead of step-wise invoca-
tion, R is called once before sub-task k. Upon completion, F and E are executed sequentially:

mk = R(Mk, Qk), Mform
k+1 = F (Mk, ϕk), Mk+1 = E(Mform

k+1 ,Mk)

where Mk is the state at the onset of sub-task k, Qk denotes requirements, and Mk+1 is the state after
completion. Term ϕk refers to artifacts produced at the conclusion, such as outcomes, feedback, or
interaction history.

3.2 EVALUATION MODES OF AGENTMEMORYBENCH

AgentMemoryBench supports five distinct evaluation modes: Offline, Online, Replay, Transfer, and
Repair (Figure 3). These modes collectively provide a multi-dimensional assessment of memory
system capabilities, ranging from terminal performance and learning dynamics to knowledge reten-
tion, generalization, and conflict resolution.

Figure 3: Evaluation modes and task pipelines of AgentMemoryBench.

Offline Mode follows the traditional train-test split setting. The agent first executes all training sub-
tasks to build memory (invoking only memory formation and evolution operators), then performs on
the test set using the constructed memory. This mode evaluates the final effectiveness of the memory
system through metrics like Average Success Rate (ASR) and Average Step (AS) for system tasks,
or F1-score, BLEU-score, and LLM-as-Judge for personal memory tasks.

Online Mode adopts a streaming setting where the agent processes sub-tasks sequentially and up-
dates memory in real-time. After each sub-task, we record instantaneous performance to form com-
plete learning curves, capturing dynamic transitions of knowledge accumulation, restructuring, and
forgetting. The core metrics include Cumulative Success Rate (CSR) showing the learning trajec-
tory, Learning Gain (LG) measuring improvement potential relative to future peak performance,
and Stability Loss (SL) quantifying forgetting severity relative to historical peak. However, offline
mode and single-task online mode cannot reveal the learning process or distinguish persistent mem-
ory methods from in-context learning baselines (as shown in Tables 6, 7, 8, and 9). Besides, for
multi-task scenarios, we use weighted versions (WCSR, WLG, WSL) to aggregate performance
across heterogeneous tasks. This mode is critical for observing how memory systems evolve over
time, especially in mixed-task scenarios with blurred boundaries, as shown in Figure 2.

Replay Mode implements periodic testing to measure knowledge retention and anti-forgetting ca-
pability, serving as the core mechanism for quantifying backward transfer. The samples sequence is
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Table 3: Online Evaluation Results on System Memory Tasks (Except WebShop)
Memory DB OS KG ALFWorld

ASR↑ AS↓ ASR AS ASR AS ASR AS

zero-shot 49 2.7 36.1 2.59 24.7 10.81 17.4 18.28
streamICL 58.7 2.65 24.3 4.36 30.7 11.65 32.1 16.43
awmPro 53 3.13 37.06 2.57 24.7 11.13 20.2 18.06
mem0 50.3 3.16 38.9 2.52 22.7 11.05 7.3 18.59
MEMs 59.7 2.43 37.76 2.46 36 10.74 33.9 16.75

ASR: Average Success Rate; AS: Average Step

partitioned into multiple stages; after learning each stage, the agent is tested on previously learned
samples using retrieval-only operations (without updating memory). The key metric is Forgetting
Rate (FR), which measures performance degradation from the initial learning point to subsequent
replay stages. Low FR indicates robust resistance to forgetting, while high FR signals catastrophic
forgetting. This mode systematically evaluates whether memory systems can retain knowledge over
extended periods rather than merely memorizing recent experiences.

Transfer Mode evaluates generalization capability through two distinct settings. Cross-environment
transfer tests whether knowledge learned in one domain (e.g., DB task) can improve performance
in a different domain (e.g., OS task) using Transfer Gain (TG) as the metric. Within-environment
forward transfer measures the predictive boost for future samples after learning current ones, quan-
tified by Forward Transfer Gain (FTG)—analogous to FR in Replay mode but focusing on forward
impact. Together, these settings distinguish persistent memory methods—which extract abstract,
reusable patterns—from in-context learning baselines that merely activate pre-training priors with-
out accumulating transferable knowledge.

Repair Mode tests the robustness and self-correction capability of memory systems when facing
erroneous feedback and knowledge conflicts. Each evaluation cycle involves four phases: (1) learn-
ing under incorrect rewards to contaminate memory, (2) testing with contaminated memory, (3)
re-learning under correct rewards to repair memory, and (4) testing post-repair performance. Three
normalized metrics characterize the system: Error Robustness (ER) measures resistance to erro-
neous learning, Repair Gain (RG) quantifies recovery capability from errors, and Net Recovery
(NR) evaluates whether post-repair performance matches normal learning baselines. This mode is
essential for validating whether memory systems possess active knowledge management mecha-
nisms to identify and resolve conflicts, rather than passively accumulating all trajectories.

For detailed implementation specifications and metric formulations, please refer to Appendix H.

3.3 FORMULATION OF MEMS

MEMs is defined by the tuple (T ,M sys,M pers), where T is a lightweight trigger model that routes
memory operations; M sys stores reusable execution patterns; and M pers stores user preferences and
dialogue context.

Retrieval. Before sub-task k, T selects active memory sources and aggregates their outputs:

Sret = T (Qk), Sret ⊆ {sys, pers}, mk =
⊕
s∈Sret

Rs(Ms
k , Qk)

Update. After sub-task k, T determines which stores to update, applying source-specific formation
and evolution operators:

Supd = T (ϕk), Supd ⊆ {sys, pers}, Ms
k+1 = Es(F s(Ms

k , ϕk), M
s
k)

where Fsys extracts reusable workflows and Fpers extracts user facts.

4 EXPERIMENTS

In this section, we systematically evaluate five memory methods using the AgentMemoryBench
benchmark, focusing on three core research questions. First, can traditional offline evaluation (static
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train-test split) adequately reflect the continual learning capabilities of agents, or does streaming
evaluation provide additional value for memory systems (RQ1)? Second, can multi-dimensional
evaluation modes (replay, transfer, and repair) rigorously distinguish persistent memory methods
from in-context learning baselines that merely activate pre-training priors (RQ2)? Third, can a
single memory system (either system memory or personal memory alone) meet the requirements
of complex agents, or do real-world scenarios with fuzzy task boundaries demand multi-memory
coordination such as MEMs (RQ3)?

Our experiments proceed in three stages corresponding to RQ1-RQ3. We begin by demonstrating
the limitations of traditional evaluation through Offline and Online modes (Section 4.2). Three eval-
uation modes (Replay, Transfer, and Repair) then expose the essential differences between persistent
memory methods and in-context learning baselines (Section 4.3). Finally, we verify the necessity
of multi-memory coordination in simulated real-world mixed-task scenarios (Section 4.4). Detailed
experimental setups, full result tables, and additional analyses are provided in Appendix A, B, C,
and D.

4.1 EXPERIMENT SETTINGS

We benchmark five memory methods to comprehensively evaluate AgentMemoryBench across sys-
tem and personal memory dimensions. All experiments use Qwen3-14B as the LLM backbone.
The evaluated methods include: (1) Zero-shot, a baseline without any memory mechanism that re-
flects the fundamental instruction-following capability of LLMs; (2) StreamICL (Wu et al., 2024),
a streaming in-context learning method that stores and retrieves complete interaction trajectories
from successful tasks using vector databases; (3) Mem0 (Chhikara et al., 2025), a scalable long-
term memory system focused on user preference retention, employing hybrid storage with graph
structures and vector databases; (4) awmPro, our modified implementation of Agent Workflow
Memory (Wang et al., 2024), which records and retrieves workflow histories to extract standardized
execution paths; and (5) MEMs, our proposed multi-memory coordination framework. For detailed
formulations of all methods (Zero-shot, StreamICL, Mem0, awmPro, and MEMs), please refer to
Appendix I.

4.2 LIMITATIONS OF OFFLINE EVALUATION AND VALUE OF STREAMING EVALUATION

Offline evaluation gives a misleading picture: as shown in Tables 6 and 7 (Appendix A), stream-
ICL ranks first or second on most system and personal memory tasks, outperforming the dedi-
cated method awmPro and mem0. Online evaluation (Table 3) reveals a similarly counter-intuitive
result: despite having no memory refinement mechanism, streamICL maintains competitive CSR
across DB, KG, and ALFWorld. Do these gains reflect genuine persistent memory accumulation, or
merely the activation of LLM pretraining priors? Standard online metrics alone cannot answer this
question—motivating the three-probe evaluation in Section 4.3.

Table 4: Cross-Environment Transfer Evaluation Results
Memory DB→OS OS→DB

ASR↑ AS↓ ASR AS

zero-shot 36.8 2.52 47.3 2.73
streamICL 33.3 2.92 49.0 2.79
awmPro 41.1 2.5 47.7 2.48
mem0 35.4 2.45 47.0 2.55

ASR: Average Success Rate; AS: Average Step; ↑: higher is better

4.3 DISTINGUISHING PERSISTENT MEMORY FROM IN-CONTEXT LEARNING:
MULTI-DIMENSIONAL EVALUATION

To address the questions in RQ1, we design three probes to distinguish persistent memory meth-
ods from in-context learning baselines via Transfer, Repair, and forward-transfer modes. Detailed
experimental setups appear in Appendix B.
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Table 5: LoCoMo-0 Repair Evaluation Results (Normalized Metrics)
Memory ER↑ NR↑ RG↑ ER NR RG

Full Full Full Std Std Std

streamICL -44.74% -36.84% +7.90% -38.02% -32.40% +5.64%
mem0 +5.19% +6.49% +1.30% +8.43% +8.43% 0.00%

ER: Error Robustness; NR: Net Recovery; RG: Repair Gain

Cross-environment transfer reveals generalization. We test whether methods learn transferable
knowledge by training on one environment and testing on another (DB→OS and OS→DB). Table 4
shows that awmPro is the only method outperforming zero-shot in both directions, demonstrat-
ing genuine knowledge abstraction as a persistent memory method. streamICL and mem0 fail to
transfer—their apparent online improvements stem from activating domain-specific LLM pretrain-
ing priors rather than accumulating reusable patterns.

Repair mode exposes catastrophic fragility. Table 5 shows starkly divergent behavior under er-
roneous feedback on LoCoMo-0: mem0 maintains positive performance after error injection (ER:
+5.19%) and exceeds its baseline after correction (NR: +6.49%), demonstrating that its LLM-driven
memory management can resolve knowledge conflicts. streamICL collapses catastrophically (ER:
-44.74%) and never recovers (NR: -36.84%), because erroneous trajectories are indiscriminately
appended to the vector store and cannot be selectively removed.

Forward transfer reveals long-term divergence. Within-environment forward transfer on
LoCoMo-0 (Figure 4) confirms the asymmetry: mem0 forms a snowball effect—refined memory
continuously improves future performance (rising FTG)—while streamICL degrades after 80 sam-
ples as retrieval quality collapses under memory bloat (falling FTG). Persistent memory methods
refine knowledge over time; in-context learning baselines accumulate noise.

Figure 4: LoCoMo-0 within-environment forward transfer curves.

4.4 MULTI-MEMORY COORDINATION IN SCENARIOS WITH FUZZY TASK BOUNDARIES

RQ1/RQ2 established that awmPro is a genuine persistent memory method for system tasks but
fails on personal memory, while mem0 handles personal memory well but degrades to in-context
learning behavior on system tasks. To test whether any single-memory method can handle both
simultaneously, we construct a mixed task stream (DB+LoCoMo-4) where system and personal
tasks alternate randomly. Detailed experimental setups are provided in Appendix C.

Figure 5 shows that all single-memory methods suffer architectural collapse during task switching:
awmPro contaminates its workflow store with dialogue trajectories; mem0 misinterprets system task
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execution as user preferences; streamICL fluctuates most severely due to absent memory manage-
ment. MEMs resolves this through intelligent routing and memory isolation, maintaining stable
upward trends throughout task switching.

Figure 5: DB+LoCoMo-4 mixed task online learning curves. MEMs maintains stable upward trends
while single-memory methods collapse at task boundaries.

5 CONCLUSION

We present AgentMemoryBench, the first benchmark to jointly evaluate system memory (a.k.a. ex-
periential memory) and personal memory (a.k.a. factual memory) under a unified continual-learning
framework with five complementary modes: offline, online, replay, transfer, and repair. Our exper-
iments yield three interconnected findings. First, offline evaluation is systematically misleading:
streamICL, an in-context learning baseline with no persistent memory management, rivals dedi-
cated memory methods under static metrics— masking the underlying mechanism. Second, multi-
dimensional probes expose a clear boundary: awmPro demonstrates genuine knowledge abstraction
through successful cross-environment transfer, and mem0’s LLM-driven management enables er-
ror recovery under the repair probe; by contrast, streamICL fails both probes, confirming its gains
stem from activating pretraining priors rather than accumulating reusable knowledge. Third, no
single-memory method survives mixed system–personal task streams: awmPro contaminates its
workflow store with dialogue trajectories, mem0 misroutes system tasks as user preferences, and
streamICL fluctuates most severely without memory management. MEMs resolves architectural
collapse through a lightweight trigger model that routes retrieval and updates to specialized stores,
maintaining stable learning curves throughout task switching.

These findings highlight two gaps that prior work has left unaddressed: the inability of static metrics
to reveal learning dynamics, and the inadequacy of single-memory architectures in boundary-blurred
real-world streams. We release AgentMemoryBench and MEMs as open resources to support repro-
ducible, long-horizon agent memory research, and hope this work catalyzes standardized evaluation
of persistent memory in increasingly capable agent systems.
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A EXPERIMENTAL DETAILS: LIMITATIONS OF OFFLINE EVALUATION AND
VALUE OF STREAMING EVALUATION (RQ1)

Experimental Configuration: All experiments in RQ1 use the following unified configuration:

• LLM Backbone: Qwen3-14B

• Random Seed: 64, 65, and 66 (for reproducibility across all dataset shuffling and sampling
operations)

• Offline Mode Parameters: Training samples constitute 60% of each dataset
(train size=0.6). For system memory tasks (DB, OS, KG, ALFWorld), samples are ran-
domly shuffled with seed 66 and partitioned into train/test sets. For personal memory tasks
(LoCoMo), all sessions serve as the training set to inject dialogue context into memory, and
all questions serve as the test set to evaluate retrieval effectiveness.

• Online Mode Parameters: Sub-tasks are processed sequentially with memory retrieval
(R operator) before each sub-task and memory update (F+E operators) after completion.
Performance is recorded after each sub-task to form complete learning curves (CSR, LG,
SL).

Surface Phenomena in Offline Mode: Tables 6 and 7 show the final performance of each method
in traditional Offline mode, where different memory methods exhibit significant performance differ-
ences on system memory tasks (DB, OS, KG, ALFWorld) and personal memory tasks (LoCoMo-0).

Table 6: Offline Evaluation Results on System Memory Tasks (Except WebShop)
Memory DB OS KG ALFWorld

ASR↑ AS↓ ASR AS ASR AS ASR AS

zero-shot 51.7 2.77 41.4 2.78 28.3 10.75 6.8 19.59
streamICL 62.5 2.58 43.1 3.28 38.3 10.77 20.5 17.68
awmPro 50 3.05 43.1 2.47 21.7 11.17 11.4 18.75
mem0 50 3.25 50 2.55 23.3 10.6 4.5 18.42

ASR: Average Success Rate; AS: Average Step

Table 7: Offline Evaluation Results on Personal Memory Task (only LoCoMo-0)
Memory single-hop temporal multi-hop open-domain

F↑ B↑ J↑ F B J F B J F B J

zero-shot 6.27 4.44 93.75 5.4 2.82 75.68 9.22 3.83 84.62 17.44 10.19 98.57
streamICL 4.8 4.23 53.12 6.09 3.96 35.14 6.55 3.86 69.23 13.17 8.47 57.14
awmPro 2.56 2.97 31.25 3.17 1.37 5.41 6.73 3.68 53.85 7.18 4.42 15.71
mem0 4.46 3.48 56.25 6.25 3.27 29.73 7.27 3.6 92.31 15.26 8.66 71.43

*In offline mode, all the sessions are provided to the zero-shot agent for LoCoMo tasks.

Table 8: Online Evaluation Results on System Memory Tasks (Except WebShop)
Memory DB OS KG ALFWorld

ASR↑ AS↓ ASR AS ASR AS ASR AS

zero-shot 49 2.7 36.1 2.59 24.7 10.81 17.4 18.28
streamICL 58.7 2.65 24.3 4.36 30.7 11.65 32.1 16.43
awmPro 53 3.13 37.06 2.57 24.7 11.13 20.2 18.06
mem0 50.3 3.16 38.9 2.52 22.7 11.05 7.3 18.59
MEMs 59.7 2.43 37.76 2.46 36 10.74 33.9 16.75

ASR: Average Success Rate; AS: Average Step
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Table 9: Online Evaluation Results on Personal Memory Task (average of LoCoMo-0&4)
Memory single-hop temporal multi-hop open-domain

F↑ B↑ J↑ F B J F B J F B J

zero-shot 9.52 7.28 87.35 5.45 3.61 74.17 7.63 4.30 73.9 21.09 13.54 95.55
streamICL 10.28 9.19 44.99 6.11 4.11 42.40 9.99 6.99 61.26 13.29 8.78 52.80
awmPro 5.62 5.43 28.56 2.7 2.11 14.77 7.40 4.64 48.63 7.6 4.69 32.69
mem0 6.46 5.60 49.40 4.81 3.37 31.6 7.48 4.43 78.3 13.29 8.26 54.99
MEMs 7.96 6.20 60.39 4.67 3.33 28.9 7.96 4.75 75 13.62 8.40 59.94

*In online mode, sessions are fed to the agent incrementally in temporal order; each session’s QA pairs serve
as sub-tasks processed sequentially.

Dynamic Revelation in Online Mode: We further evaluate each method in Online mode, recording
complete learning curves. Figures 6, 7, 8, and 9 show the dynamic changes across three dimensions:
Cumulative Success Rate (CSR), Learning Gain (LG), and Stability Loss (SL).

Figure 6: Online learning curves on DB task

Figure 7: Online learning curves on OS task

Critical Questions Raised by Online Evaluation: From the Online learning curves, we observe
several counter-intuitive phenomena that prompt deeper evaluation:

1. Questions on System Memory Tasks: On DB, OS, KG, and ALFWorld tasks, the learning
curves of streamICL and mem0 appear to rise steadily, outperforming awmPro. However,
these methods have obvious design flaws—streamICL only stores raw trajectories without
memory refinement; mem0 incorrectly applies entity modeling to complete interaction tra-
jectories (rather than focusing on user preferences). Do their performance improvements
come from persistent memory accumulation, or merely from activating semantic pri-
ors and format adaptation capabilities from LLM pretraining? (Min et al., 2022; Wei
et al., 2023)
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Figure 8: Online learning curves on KG task

Figure 9: Online learning curves on ALFWorld task

2. Questions on Personal Memory Tasks: On LoCoMo tasks, streamICL’s performance
is comparable to the specially designed personal memory method mem0. Is simple in-
context learning truly sufficient for personal memory tasks? Or is Online evaluation
still insufficient to distinguish persistent memory methods from in-context learning
baselines?

To answer these questions, we designed deeper evaluation experiments (Appendix B) to system-
atically distinguish persistent memory methods from in-context learning baselines through Replay,
Transfer, and Repair modes.

B EXPERIMENTAL DETAILS: DISTINGUISHING PERSISTENT MEMORY
METHODS FROM IN-CONTEXT LEARNING BASELINES (RQ2)

Experimental Configuration: All experiments in RQ2 use the following unified configuration:

• LLM Backbone: Qwen3-14B

• Random Seed: 64, 65, and 66 (for reproducibility across all dataset shuffling and sampling
operations)

• Replay Mode Parameters: After every 20 learned samples (replay m=20), we randomly
sample 20 previously learned items (replay n=20) for retrieval-only testing. Random sam-
pling uses seed 66 (replay seed=66) for reproducibility.

• Transfer Mode Parameters: For cross-environment transfer (DB→OS, OS→DB), agents
first learn on the source task to build memory, then test on the target task using only re-
trieval. For within-environment forward transfer, we measure predictive improvement on
samples 3 positions ahead (forward transfer num=3).
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• Repair Mode Parameters: Samples are organized into repair groups with 20 samples
per group (repair m=20). Within each group, 20 samples receive inverted rewards (re-
pair n=20), selected with seed 66 (repair seed=66). For LoCoMo tasks, 50% of QA pairs
within each session receive inverted rewards (repair size locomo=0.5).

To systematically answer the critical questions raised in Appendix A, we designed three groups of
deep evaluation experiments to reveal the essential differences between in-context learning base-
lines and persistent memory methods from four dimensions: stability and generalization capa-
bility (multi-task Online + cross-environment Transfer), knowledge retention capability (Replay),
robustness and repair capability (Repair), and forward transfer capability (within-environment
Transfer).

B.1 SYSTEM MEMORY TASKS: REVEALING STREAMICL AND MEM0 AS IN-CONTEXT
LEARNING BASELINES

Experimental Design Motivation: The Offline and Online results in Appendix A show that stream-
ICL and mem0 outperform awmPro on system memory tasks. However, these methods have obvious
design flaws—streamICL only stores raw trajectories, and mem0 incorrectly applies entity modeling
to system task trajectories. To verify whether their performance improvements come from persistent
memory accumulation, we designed the following experiments:

Experiment 1: Multi-Task Online Learning—Testing Stability

We conduct Online learning on a mixed DB+OS task stream, observing the learning curve stabil-
ity of each method during task switching. As shown in Figure 10, streamICL exhibits significant
performance regression on OS task samples, while mem0 and awmPro consistently maintain stable
upward trends.

Key Finding: Performance regression indicates that streamICL’s memory system lacks robustness
to heterogeneous tasks—when task types switch frequently, simple similarity retrieval cannot stably
provide effective memory, leading to performance fluctuations. This contrasts sharply with persis-
tent memory methods: awmPro extracts reusable patterns through workflow abstraction, maintaining
stable performance during task switching.

Experiment 2: Cross-Environment Transfer—Testing Generalization Capability

We further test two cross-environment transfer scenarios, DB→OS and OS→DB, to evaluate
whether each method learns generalizable abstract knowledge. Table 12 in the main text shows
that awmPro is the only method that outperforms zero-shot in both transfer directions.

Core Conclusion: Cross-environment transfer results reveal the essential deficiencies of streamICL
and mem0 on system memory tasks—they rely on in-context learning rather than persistent memory
accumulation. streamICL stores complete trajectories and uses similarity retrieval, essentially acti-
vating semantic priors and format adaptation capabilities from LLM pretraining (Min et al., 2022;
Wei et al., 2023) rather than learning reusable task execution patterns; mem0 incorrectly treats sys-
tem task trajectories as personal information for entity modeling, similarly unable to extract abstract
knowledge. In contrast, awmPro extracts generalizable execution patterns through workflow induc-
tion, demonstrating genuine persistent memory capability in cross-environment transfer.

B.2 PERSONAL MEMORY TASKS: REVEALING THE SHALLOW MEMORY NATURE OF
STREAMICL

Experimental Design Motivation: The Offline results in Appendix A show that streamICL per-
forms comparably to the specially designed mem0 on personal memory tasks (LoCoMo). To verify
whether this “comparable performance” means streamICL truly possesses personal memory capa-
bility, we designed the following three experiments:

Experiment 3: Replay Learning—Testing Knowledge Retention Capability

We conduct Replay evaluation on LoCoMo-0, periodically testing the retention of learned samples.
As shown in Table 10, mem0 and streamICL have comparable Average Success Rate (ASR) (53.94%
vs. 55.92%) and both have low Forgetting Rate (FR) (6.67% vs. 1.67%).
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Figure 10: DB+OS multi-task Online learning curves.

Table 10: LoCoMo-0 Replay Evaluation Results
Memory ASR↑ FR↓
streamICL 55.92% 1.67%
mem0 53.94% 6.67%

ASR: Average Success Rate; AS: Average Step

Initial Observation: Replay results seem to indicate that streamICL has good knowledge retention
capability. However, this conclusion requires deeper evaluation to verify—does low forgetting rate
mean genuine persistent memory, or merely mechanical storage of raw trajectories?

Experiment 4: Repair Learning—Testing Robustness and Repair Capability

We conduct Repair evaluation on LoCoMo-0, testing the memory system’s resistance and repair
capability under erroneous feedback. Table 11 in the main text shows that mem0 and streamICL
exhibit starkly different performance in error robustness and net recovery.

Key Findings:
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Table 11: LoCoMo-0 Repair Evaluation Results (Normalized Metrics)
Memory ER↑ NR↑ RG↑ ER NR RG

Full Full Full Std Std Std

streamICL -44.74% -36.84% +7.90% -38.02% -32.40% +5.64%
mem0 +5.19% +6.49% +1.30% +8.43% +8.43% 0.00%

ER: Error Robustness; NR: Net Recovery; RG: Repair Gain

1. Error Robustness: mem0 maintains positive performance after erroneous learning (Full:
+5.19%, Std: +8.43%), even slightly higher than the normal baseline; while streamICL’s
performance drops significantly after erroneous learning (Full: -44.74%, Std: -38.02%),
indicating extreme fragility to erroneous feedback.

2. Net Recovery: mem0’s post-repair performance even exceeds the normal baseline (Full:
+6.49%, Std: +8.43%), indicating its memory management mechanism can identify and
correct erroneous knowledge; while streamICL remains far below the normal baseline after
repair (Full: -36.84%, Std: -32.40%), indicating erroneous knowledge has deeply contam-
inated the memory system and is difficult to fully repair.

3. Repair Gain: Although streamICL’s repair gain appears higher (7.90% vs. 1.30%), this
is because it drops severely after erroneous learning, leaving more room for repair; while
mem0, due to strong error robustness, does not require significant repair.

Core Conclusion: The Repair experiment reveals a fatal flaw of streamICL—lacking a memory
management mechanism, it cannot distinguish correct knowledge from erroneous knowledge and
can only mechanically store all trajectories. When encountering erroneous feedback, erroneous
trajectories are directly appended to the vector database, contaminating the entire memory system;
during the repair phase, although correct trajectories are appended, erroneous trajectories still exist,
causing retrieval to potentially recall both correct and erroneous memories, making performance
difficult to fully recover. In contrast, mem0’s LLM-driven memory management (ADD, UPDATE,
DELETE, NONE) can identify knowledge conflicts and dynamically update memory, demonstrating
genuine knowledge conflict resolution capability.

Experiment 5: Within-Environment Forward Transfer—Testing Knowledge Forward Trans-
fer Capability

We conduct within-environment forward transfer evaluation on LoCoMo-0, testing the predictive
improvement on future samples after learning current samples. Figure 11 (see main text Section 4.3)
shows that mem0 and streamICL exhibit completely different forward transfer curves.

Key Findings:

1. Early Stage (0-40 samples): mem0’s Forward Transfer Gain (FTG) is relatively low, even
slightly lower than streamICL. This is because the memory management mechanism re-
quires time to accumulate and integrate knowledge in the early stages, with short-term
effects inferior to directly storing complete trajectories.

2. Mid-Stage Turning Point (40-130 samples): As memory accumulates, mem0’s memory
management system begins to take effect—removing redundant information through UP-
DATE and DELETE operations and integrating new knowledge through ADD operations,
continuously improving memory quality, with the FTG curve beginning to rise.

3. Late-Stage Divergence (130+ samples): mem0 forms a “snowball effect” similar to that
mentioned in AWM (Wang et al., 2024)—high-quality refined memory makes new sample
learning more efficient, with FTG continuing to rise; while streamICL, due to too many raw
trajectories stored in the vector database, sees declining retrieval quality (increased noise),
causing FTG to continuously regress after 80 samples.

Core Conclusion: The within-environment forward transfer experiment reveals the essential differ-
ence in long-term performance between in-context learning baselines and persistent memory meth-
ods. streamICL’s mechanical storage strategy is effective in the short term (because few samples
mean low retrieval noise), but as samples increase, lack of memory management leads to “memory
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Figure 11: LoCoMo-0 within-environment forward transfer curves.

bloat”—the vector database fills with numerous redundant and low-quality trajectories, continu-
ously deteriorating retrieval effectiveness. In contrast, mem0’s memory management mechanism,
through continuous refinement and integration, transforms raw trajectories into high-quality struc-
tured knowledge, demonstrating genuine forward transfer capability.

B.3 COMPREHENSIVE CONCLUSION: IN-CONTEXT LEARNING BASELINES VS. PERSISTENT
MEMORY METHODS

Through three deep evaluation modes—Replay, Transfer (cross-environment + within-environment),
and Repair—we systematically revealed the essential differences between in-context learning base-
lines and persistent memory methods:

StreamICL as an In-Context Learning Baseline:

• System Memory Tasks: Relies on “similarity retrieval of complete trajectories” to activate
LLM pretraining priors rather than learning reusable patterns. Cross-environment transfer
failure (Table 12) and performance regression in multi-task scenarios (Figure 10) prove its
inability to extract abstract knowledge.

• Personal Memory Tasks: Relies on “mechanical storage of all trajectories” to achieve
short-term effectiveness. Extremely low error robustness in Repair experiments (Table 11)
and late-stage collapse in within-environment forward transfer (Figure 11) prove its lack
of knowledge management capability, unable to handle knowledge conflicts and long-term
accumulation.

The Persistent Memory Capability of Mem0 (limited to Personal Memory):

• Achieves knowledge conflict handling through LLM-driven memory management (ADD,
UPDATE, DELETE), demonstrating extremely high error robustness and net recovery ca-
pability in Repair experiments (Table 11).

• Forms a “snowball effect” through continuous refinement and integration, with contin-
uously improving late-stage performance in within-environment forward transfer (Fig-
ure 11).

• But fails on System Memory tasks: Incorrectly applies entity modeling to system task
trajectories, with mediocre cross-environment transfer performance (Table 12).
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Table 12: Cross-Environment Transfer Evaluation Results
Memory DB→OS OS→DB

ASR↑ AS↓ ASR AS

zero-shot 36.8 2.52 47.3 2.73
streamICL 33.3 2.92 49.0 2.79
awmPro 41.1 2.5 47.7 2.48
mem0 35.4 2.45 47.0 2.55

ASR: Average Success Rate; AS: Average Step; ↑: higher is better

The Persistent Memory Capability of AwmPro (limited to System Memory):

• Extracts generalizable execution patterns through workflow induction, the only method
comprehensively outperforming zero-shot in cross-environment transfer (Table 12).

• But fails on Personal Memory tasks: Lacks modeling of user preferences, with poor
performance on LoCoMo tasks (Table 7).

Core Insight: A single memory mechanism may demonstrate persistent memory capability in its
specialized domain but degrades to in-context learning behavior or even fails in non-specialized
domains. This provides the theoretical foundation for the multi-memory coordination experiments
in Appendix C.

C EXPERIMENTAL DETAILS: MULTI-MEMORY COORDINATION IN
SCENARIOS WITH FUZZY TASK BOUNDARIES (RQ3)

Experimental Configuration: All experiments in RQ3 use the following unified configuration:

• LLM Backbone: Qwen3-14B
• Random Seed: 64, 65, and 66 (for reproducibility of task shuffling in mixed streams)
• Mixed Task Stream Parameters: System memory tasks (DB) and personal memory tasks

(LoCoMo-4) are randomly interleaved with seed 66 to simulate fuzzy task boundaries.
Sub-tasks are processed sequentially in Online mode with memory retrieval (R operator)
before each sub-task and memory update (F+E operators) after completion.

• Evaluation Metrics: Cumulative Success Rate (CSR), Learning Gain (LG), and Stability
Loss (SL) are recorded after each sub-task to form complete learning curves, capturing
dynamic performance changes during task type switching.

• Task Weights for Multi-task Aggregation: Following the weight calculation method de-
scribed in Appendix H.2 and based on the task statistics in Table 14, we compute the task
weights for the DB+LoCoMo-4 mixed scenario using descending rank (higher rank value
= higher priority):

– DB+LoCoMo-4: DB has 300 samples (size rank 1, more) and 49.0% difficulty (diff
rank 2, harder). LoCoMo-4 has 178 samples (size rank 2, fewer) and 56.18% difficulty
(diff rank 1, easier). Combined ranks: rDB = 1 + 2 = 3, rLoCoMo-4 = 2 + 1 = 3.
Normalized weights: wDB = 3

3+3 = 0.5 and wLoCoMo-4 = 3
3+3 = 0.5.

Experimental Motivation: The experiments in Appendix B revealed the fundamental limitations of
single memory mechanisms—awmPro demonstrates persistent memory capability on system mem-
ory tasks but fails on personal memory tasks; mem0 performs excellently on personal memory
tasks but degrades to in-context learning on system memory tasks. This phenomenon of “effec-
tive in specialized domains, ineffective in non-specialized domains” causes serious problems in
real applications—real-world scenarios often have fuzzy task boundaries, with system tasks (such
as code writing) and personal interactions (such as daily conversations) appearing randomly alter-
nately.

Core Question: In real-world scenarios with fuzzy task boundaries and randomly switching task
types, are single memory mechanisms still effective? Can multi-memory system coordination (such
as MEMs) solve this problem?
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Experimental Design: We designed a mixed task stream—DB+LoCoMo-4. In this mixed scenario,
system memory tasks (DB) and personal memory tasks (LoCoMo-4) appear randomly alternately,
precisely simulating the complex work scenarios in real applications where “task distributions are
discrete and interaction processes are continuous.”

Experimental Results: Figure 5 shows that MEMs significantly outperforms all single memory
methods in the mixed scenario.

Key Findings:

1. Performance Collapse of Single Memory Methods:
• awmPro: Performance drops significantly in mixed scenarios. When tasks switch

from DB to LoCoMo, awmPro’s workflow memory cannot provide effective sup-
port (because LoCoMo doesn’t need workflows), causing performance to fall back
to zero-shot level; worse, awmPro incorrectly induces LoCoMo dialogue trajectories
as “workflows” and stores them, contaminating system memory and also affecting
subsequent DB task performance.

• mem0: Performs slightly better than awmPro in mixed scenarios but still has obvious
problems. When tasks switch from LoCoMo to DB, mem0 incorrectly treats DB
task trajectories as “user preferences” for entity modeling, causing memory quality
to decline; simultaneously, erroneous memories from DB tasks also interfere with
LoCoMo task retrieval.

• streamICL: Shows the most performance fluctuation in mixed scenarios. Due to lack
of memory management, the vector database simultaneously stores DB trajectories
and LoCoMo trajectories, often recalling incorrect types of memories during retrieval
(e.g., recalling LoCoMo trajectories during DB tasks), causing severe performance
degradation.

2. Multi-Memory Coordination Advantages of MEMs:
• Intelligent Routing Mechanism: The trigger model intelligently decides which

memory system to call based on task features. In DB tasks, only system memory
(workflows) is called; in LoCoMo tasks, only personal memory (user preferences) is
called, avoiding memory contamination and retrieval noise.

• Memory Isolation and Specialization Maintenance: System memory and personal
memory are maintained separately, each maintaining high-quality memory in its spe-
cialized domain. DB task workflows don’t contaminate personal memory, and Lo-
CoMo dialogue history doesn’t interfere with system memory.

• Stable Learning Curves: MEMs maintains stable upward trends during task switch-
ing (Figure 5), with Cumulative Success Rate (CSR) reaching 58.7% in DB+LoCoMo-
4, significantly outperforming the best single memory method (mem0: 51.8%).

Core Conclusion: Experimental results verify the core hypothesis we proposed in the
Introduction—in real-world scenarios with fuzzy task boundaries, single memory mechanisms
cannot simultaneously meet the dual needs of system task execution and personal interaction;
multi-memory system coordination is necessary to achieve true dynamic adaptability. MEMs
successfully solves the performance collapse problem of single memory methods in mixed scenar-
ios through intelligent routing and memory isolation via a lightweight trigger model, providing an
effective solution for building agent memory systems suitable for real-world applications.

D EXPERIMENTAL DETAILS: ABLATION STUDY ON MEMORY INSERTION
POSITION (RQ4)

Experimental Configuration: All experiments in RQ4 use the following unified configuration:

• LLM Backbone: Qwen3-14B
• Random Seed: 64, 65, and 66 (for reproducibility across all dataset shuffling and sampling

operations)
• Evaluation Datasets: DB, OS, and LoCoMo-0 tasks in Online mode
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• Insertion Strategies: Two prompt insertion positions are compared: (1) In-between (Sys-
tem Prompt → Memory → User Question) and (2) Last (System Prompt → User Question
→ Memory)

Experimental Motivation: Where should retrieved memory be inserted in the prompt? Existing
work typically inserts memory after the system prompt and before the user question (in-between),
or after the user question (last). However, the impact of different insertion positions on performance
has not been systematically studied.

Experimental Design: We compare two insertion strategies on three datasets—DB, OS, and Alf-
World:

• In-between: System Prompt → Memory → User Question
• Last: System Prompt → User Question → Memory

Experimental Results: As shown in Figure 12, the In-between strategy outperforms the Last strat-
egy on all datasets.

Figure 12: Comparison of memory insertion positions.

Explanation: The advantage of the In-between strategy lies in conforming to the LLM’s attention
mechanism—placing memory between the system prompt and user question allows the LLM to
simultaneously attend to system instruction and memory context when processing the user question,
forming a natural cognitive flow of “instruction → memory → question.” In contrast, the Last
strategy places memory at the end, requiring the LLM to “backtrack” to the previous question to
understand the role of memory, increasing cognitive load and causing performance degradation.

Core Conclusion: Memory should be inserted between the system prompt and user question (in-
between strategy) to maximize the enhancement effect of memory. This finding provides clear
engineering guidance for the practical deployment of memory systems.

E MEMORY BENCHMARKS FOR AGENTS: EXTENDED SURVEY

Related work on benchmarks for agent memory focuses on two primary dimensions: the evaluation
paradigm and the categorization of memory types.

Streaming evaluation, introduced by StreamBench (Wu et al., 2024), is a paradigm where data and
tasks are presented incrementally. In this setting, the model must complete learning and assess-
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ment immediately upon receiving each batch of the stream, rather than undergoing centralized train-
ing followed by a unified test. This approach mirrors the sequential task evaluation commonly
used in continual learning (CL) (Shi et al., 2024). The significance of streaming evaluation lies
in its ability to quantify performance gains over time, memory retention, forgetting effects, gen-
eralization, and knowledge conflict resolution. However, a substantial portion of existing memory
benchmarks still lacks support for streaming evaluation. While some benchmarks, such as Lifelon-
gAgentBench (Zheng et al., 2025) and Evo-Memory (Wei et al., 2025), have begun implementing
stream-based assessments for system memory, they lack a comprehensive suite of continual learning
metrics, such as backward transfer (forgetting rate) and forward transfer (Shi et al., 2024), as well as
indicators for knowledge conflict resolution, such as the correction success rate used in knowledge
editing (Thede et al., 2025).

Agent memory is further categorized into personal memory and system memory (Wu et al., 2025b).
The former focuses on personalized user information, while the latter retains data related to task
execution. System memory benchmarks evaluate an agent’s ability to extract experience from past
cases and internalize information over the long term, with the goal of increasing success rates in
subsequent tasks. Conversely, personal memory benchmarks assess the ability to remember user
preferences—such as dietary restrictions, schedules, and personal attributes—to enhance the inter-
action experience. Although some recent studies, such as MemoryBench (Ai et al., 2025), attempt
to address both personal memory (referred to as declarative or factual memory) and system memory
(referred to as procedural or experiential memory), they rely on non-streaming evaluation methods.
This creates a gap in temporal assessment and fails to provide evaluation modes capable of dis-
tinguishing persistent memory methods from in-context learning baselines that merely accumulate
context within the current window.

E.1 NON-STREAM EVALUATION AND PERSONAL MEMORY BENCHMARKS

LOCOMO (Maharana et al., 2024) comprises multiple session-based and cross-session reasoning
tasks designed to evaluate the long-term memory of agents within ultra-long dialogues. The dataset
includes 10 extended conversations, each averaging approximately 300 turns and 9,000 tokens, re-
quiring the agent to retain user preferences, key facts, and dialogue history across sessions with a
focus on causal and temporal reasoning. Similarly, LongMemEval (Wu et al., 2025a) is tailored
for multi-session user-assistant interactions, covering five core capabilities: information extraction,
multi-session reasoning, temporal reasoning, knowledge updating, and abstention from unanswer-
able questions. DMR, introduced by MemGPT (Packer et al., 2024), focuses on the long-term
memory consistency of conversational agents, specifically testing their ability to maintain and recall
critical user facts across multiple chat sessions. In contrast to the precise extraction of distant infor-
mation emphasized by the aforementioned benchmarks, PersonaMem-v2 (Jiang et al., 2025) focuses
on the long-term memory of implicit user preferences and personalized adaptation. Utilizing 1,000
distinct user personas and over 300 daily scenarios, it constructs interaction histories up to 128k to-
kens. This benchmark requires agents to implicitly extract preferences from task-oriented dialogues,
manage privacy protection, and handle “forgetting requests,” thereby testing implicit preference rea-
soning and dynamic adaptation within long contexts.

These five benchmarks primarily employ accuracy and recall metrics—such as ROUGE-L, BLEU,
and NDCG@k—alongside LLM-as-judge scoring. KnowMe-Bench (Wu et al., 2026) further adopts
a hierarchical scoring system that evaluates entity accuracy at the factual level, reasoning validity at
the logical level, and internal-external mapping precision at the insight level. All these frameworks
are classified as personal memory benchmarks because their evaluation objectives center on the
long-term retention and adaptation of user-specific information. Whether focusing on explicit facts
(LOCOMO, DMR), implicit preferences (PersonaMem-v2), interaction details (LongMemEval), or
internal motivations derived from autobiographical narratives (KnowMe-Bench), these efforts aim to
align agent interactions with individual user needs. Consequently, they lack assessment of system-
task execution data. Furthermore, these benchmarks do not support the streaming evaluation of
personal memory and lack evaluation modes—such as replay and repair—that can distinguish per-
sistent memory methods from in-context learning baselines like streamICL (Wu et al., 2024).
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E.2 STREAM EVALUATION AND PERSONAL MEMORY BENCHMARKS

HaluMem (Chen et al., 2026) focuses on the operation-level hallucination assessment of memory
systems, specifically targeting the full lifecycle of personal memory, including extraction, updating,
and question-answering. It detects four categories of hallucinatory behaviors—fabrication, error,
conflict, and omission—when a memory system processes personalized user information. Based on
the HaluMem-Medium and HaluMem-Long datasets, which contain approximately 15,000 memory
points and 3,500 QA pairs spanning a 10-to-20-year dialogue timeline, the benchmark emphasizes
ensuring the reliability and consistency of personalized memory through fine-grained tasks. While
HaluMem utilizes standard metrics such as accuracy, recall, and LLM-as-judge scoring, it introduces
additional operation-level indicators, such as memory extraction accuracy and update hallucination
rates. HaluMem is classified as a personal memory benchmark because its evaluation objectives
and data are anchored in personalized user information; all memory points consist of user-specific
identity traits, life events, and interpersonal relationships. Its primary goal is to guarantee the relia-
bility of personalized memory by controlling hallucinations, thereby ensuring that agent interactions
align closely with individual user needs. However, similar to other personal memory benchmarks,
HaluMem lacks evaluation modes to distinguish persistent memory methods from in-context learn-
ing baselines, and it fails to provide comprehensive continual learning metrics or knowledge conflict
resolution indicators to measure the quality of memory methods across the temporal dimension.

AMemGym (Jiayang et al., 2026) is an advanced interactive personal memory benchmark designed
for on-policy evaluation of memory-driven personalization in long-horizon conversations. It ad-
dresses the limitations of static off-policy evaluation in traditional benchmarks by grounding free-
form interactions in structured data: predefined user profiles (sampled from 100K personas), state
evolution trajectories (capturing dynamic changes in user preferences, habits, and plans over mul-
tiple periods), and state-dependent evaluation questions. Leveraging LLM-simulated users to role-
play with consistent structured states, AMemGym generates high-fidelity, scalable interaction data
that reflects the true conversational consequences of an assistant’s memory choices. Classified as a
personal memory benchmark, its evaluation is centered on user-specific latent states (e.g., dietary
preferences, schedule changes, life events) and their dynamic retention across extended dialogue
turns. AMemGym introduces a comprehensive metric suite: overall question-answering accuracy
(capturing personalization and memory integration), normalized memory scores (isolating mem-
ory performance from reasoning capabilities by normalizing against random and perfect-memory
baselines), and diagnostic metrics (decomposing failures into write, read, and utilization errors to
pinpoint memory bottlenecks). Additionally, it supports agent self-evolution by providing envi-
ronmental feedback to refine memory management policies. Despite its innovations in interactive
and dynamic evaluation, AMemGym shares similar limitations with HaluMem: it lacks evaluation
modes to distinguish persistent memory methods from in-context learning baselines, and while it
assesses temporal memory retention across conversation periods, it does not incorporate specialized
continual learning metrics (e.g., backward transfer, knowledge conflict correction rates) for rigorous
measurement of long-term memory quality over time.

E.3 STREAM EVALUATION AND SYSTEM MEMORY BENCHMARKS

StreamBench (Wu et al., 2024) is the inaugural benchmark focusing on the continuous improvement
of LLM agents via streaming, evaluating their ability to learn from input-feedback sequences. It
serializes static datasets into quasi-real-time data streams encompassing Text-to-SQL, Python pro-
gramming, tool-use, medical diagnosis, and open-domain QA. Agents are required to receive task
instances, generate outputs, and update external memory components immediately upon receiving
binary feedback. However, its tasks are limited to single-turn interactions, whereas AgentMemory-
Bench supports multi-turn interaction sequences of up to 20 turns.

LifelongAgentBench (Zheng et al., 2025) is the first streaming benchmark specifically designed to
assess the lifelong learning capabilities of LLM agents, focusing on skill reuse and transfer across
three interactive environments: MySQL databases, Ubuntu operating systems, and SPARQL knowl-
edge graphs. The benchmark constructs 22 SQL skill categories, 29 Bash command categories,
and 7 KG query categories to evaluate how agents accumulate operational experience. Nevertheless,
neither StreamBench nor LifelongAgentBench quantifies knowledge forgetting or backward transfer
over time. Furthermore, they support only intra-environment transfer rather than cross-environment
transfer or multi-task online learning—all of which are core features of AgentMemoryBench.
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Evo-Memory (Wei et al., 2025) emphasizes the self-evolution of memory, evaluating the retrieval,
synthesis, and dynamic updating of memory within multi-task streams. Similar to AgentMem-
oryBench, it supports both single-turn and multi-turn tasks (e.g., household instruction follow-
ing and scientific experimentation), requiring agents to refine task-execution strategies through a
“retrieve-synthesize-evolve” loop. While Evo-Memory supports multi-task online learning and
cross-environment transfer, it lacks support for intra-environment transfer and replay learning
modes. Crucially, it considers only a single memory type: system memory.

These three benchmarks are classified as system memory benchmarks as they focus exclusively
on the retention and reuse of experience data generated during task execution to improve future
success rates. They lack assessment of user preferences or personal attributes. While they utilize
task-specific performance metrics (e.g., terminal Success Rate, average steps) and cumulative perfor-
mance curves, they lack replay and repair evaluation modes that can distinguish persistent memory
methods from in-context learning baselines. AgentMemoryBench addresses this gap by introducing
a comprehensive suite of metrics, including backward transfer (forgetting rate), forward transfer (Shi
et al., 2024), and knowledge conflict resolution indicators such as the correction success rate (Thede
et al., 2025).

E.4 NON-STREAM EVALUATION AND HYBRID MEMORY BENCHMARKS

MemoryBench (Ai et al., 2025) is the first benchmark to explicitly cover both personal and system
memory evaluation, breaking the limitation of single-memory assessment. Likely the classification
in (Wu et al., 2025b), MemoryBench categorizes memory into declarative and procedural types.
Declarative memory corresponds to personal memory, anchoring user-specific information such as
dialogue history, preferences, and task contexts to test the agent’s ability to optimize interaction
experiences. Procedural memory aligns with system memory, evaluating the retention of general
experience from task execution to improve future success rates. The benchmark integrates 11 cross-
domain datasets spanning open-domain, legal, and academic fields, supporting four task formats:
Long-in Short-out (LiSo), Short-in Long-out (SiLo), Long-in Long-out (LiLo), and Short-in Short-
out (SiSo). For example, multi-turn dialogue understanding in datasets like DialSim and Locomo
serves personal memory evaluation, while legal document generation in LexEval depends on system
memory.

Despite these innovations, MemoryBench operates under a non-streaming evaluation paradigm.
Training data and feedback logs (simulated via an LLM-as-user approach) are pre-generated, and the
model undergoes offline or stepwise off-policy training followed by a one-time assessment on a dis-
joint test set. Its evaluation metrics rely on dataset-native scores (e.g., F1, ROUGE-L) consolidated
into a single 1–10 score via LLM-as-Judge, lacking temporal indicators unique to continual learn-
ing. Consequently, MemoryBench exhibits two primary deficiencies: first, the absence of streaming
evaluation precludes dynamic assessment of memory retention, forgetting effects, and knowledge
transfer; second, it lacks evaluation modes such as replay and repair that can distinguish persistent
memory methods from in-context learning baselines like streamICL (Wu et al., 2024).

E.5 CONTEXT-LEARNING BENCHMARKS

Context-learning benchmarks evaluate how well a model acquires and applies new knowledge from
within a single session’s context window, without relying on pre-trained internal knowledge. This
is fundamentally different from AgentMemoryBench’s focus: we evaluate how agents accumu-
late, retain, and transfer knowledge across sessions through persistent external memory. While
Mem2ActBench (Shen et al., 2026), CL-bench (Dou et al., 2026), CONTEXTBENCH (Li et al.,
2026), and CODE2BENCH (Zhang et al., 2026b) each advance single-session context utilization,
none addresses the cross-session persistent memory evolution that real-world deployments require.

Mem2ActBench: Focused on Memory-Driven Grounding, but Limited to Retrieval.
Mem2ActBench designs tasks where the model must extract “new information” (e.g., user pref-
erences or task constraints) from fragmented, long-term dialogue chains and ground them as pa-
rameters for tool calls (e.g., budget or flight preferences). While it functions as a context-learning
benchmark, its limitations are twofold: (i) Metric Deficiency: It relies on task completion met-
rics like Tool Accuracy (TA), parameter F1, and BLEU-1. It cannot distinguish whether a model
has truly understood the relationship between parameters and user needs or is simply performing
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“pseudo-learning” via mechanical string matching; (ii) Static Paradigm: It does not support stream-
ing inputs or iterative memory optimization, failing to simulate the incremental accumulation of
knowledge found in real-world interactions.

CL-bench: Comprehensive Evaluation of Complex In-Context Learning. CL-bench stands as
a representative benchmark in this field, focusing on how models learn from complex, uncontam-
inated contexts such as new domain knowledge or rule systems. It provides a robust answer to
the “true learning vs. mechanical patching” problem through multi-dimensional metrics: (i) Error
Distribution: Categorizes failures into context-ignorance, misuse, or formatting errors to locate the
root of the learning failure. (ii) Sensitivity and Effort: Evaluates stability across context lengths
(up to 65,000 tokens) and compares performance across different reasoning effort levels to verify
deep comprehension. (iii) Sequential Dependency: With over 50% of tasks requiring results from
previous steps, it forces models to demonstrate cross-step knowledge reuse.

CONTEXTBENCH: Process-Oriented Evaluation of Code Context Retrieval. As a code-
specific context-learning benchmark, CONTEXTBENCH targets the ”black-box” limitation of
outcome-driven evaluations by focusing on the process of context retrieval in coding agents. It
effectively distinguishes genuine context learning from mechanical exploration through two core
designs: (i) Gold Context Anchoring: Expert annotators label the critical code regions (gold con-
texts) necessary for resolving each issue, establishing a precise benchmark for evaluating retrieval
relevance; (ii) Fine-Grained Process Metrics: By tracking the agent’s full retrieval trajectory, it
computes recall, precision, and F1 scores at three granularities (file, block, line), complemented
by process dynamics metrics (efficiency, redundancy, usage drop). These metrics expose whether
the agent genuinely retrieves and utilizes key context or merely achieves task success through blind
trial-and-error, thus solving the ”true learning vs. mechanical patching” dilemma in code-related
context learning.

CODE2BENCH: Rigorous Validation of Code Generation Generalization. Focused on code-
generating LLMs, CODE2BENCH addresses the core challenge of distinguishing ”memorization
vs. true generalization” through a ”Dual Scaling” philosophy: (i) Dynamic Contamination-Resistant
Sourcing: It extracts functions exclusively from GitHub commits post-dating the evaluated models’
knowledge cutoff, ensuring tasks are provably unseen and eliminating memorization of pre-trained
data; (ii) High-Rigor Property-Based Testing (PBT): Instead of relying on limited example-based
tests, it generates hundreds of structured inputs (including edge cases) and enforces 100% branch
coverage, exposing ”near-perfect failures” (solutions passing 98% of tests but failing subtle edge
cases) that conventional benchmarks miss. Additionally, it classifies tasks into Self-Contained (SC,
pure algorithmic reasoning) and Weakly Self-Contained (WSC, API application), enabling targeted
evaluation of distinct learning capabilities. Together, these designs ensure that the benchmark mea-
sures true code generation generalization (genuine learning) rather than mechanical pattern matching
or memorization.

The Cost of Missing Hybrid Evaluation. The absence of a hybrid memory benchmark is not
merely an evaluation gap—it has concrete consequences for the field. Methods that attempt to
bridge system and personal memory, such as MemGen (Zhang et al., 2025), which unifies hetero-
geneous memory representations via machine-native latent token sequences, cannot be rigorously
validated: no existing benchmark supports the mixed-scenario streams in which such coordination
is actually needed. Without a testbed that interleaves system tasks and personal interactions with
blurred boundaries, the cross-type coordination capability of general memory approaches remains
unmeasured. AgentMemoryBench is designed to close this gap.

E.6 ANNOTATION GUIDE FOR TABLE 1

Table 1 evaluates nine benchmarks across 13 dimensions using three symbols: ✓ (fully supported),
× (not supported), and □ (not applicable by design). We explain each dimension and the rationale
for □ assignments below. eftab:benchmark-comparison evaluates nine benchmarks across 13 di-
mensions using three symbols: ✓ (fully supported), imes (not supported), and □ (not applicable by
design). We explain each dimension and the rationale for □ assignments below.

Memory Eval. Whether the benchmark targets persistent external memory—storage, retrieval, and
update of knowledge across sessions or sub-tasks. ✓ denotes a memory benchmark; × denotes a
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context-learning benchmark, which evaluates within-session context utilization rather than persistent
memory.

CL Metrics. Whether the benchmark reports continual learning metrics beyond terminal task per-
formance, specifically Forgetting Rate (backward transfer) and/or Forward Transfer Gain. □ is as-
signed to benchmarks that operate under purely offline or single-session paradigms—including both
offline memory benchmarks (e.g., LoCoMo, MemoryBench) and context-learning benchmarks—
where temporal dynamics are absent by design and such metrics are structurally inapplicable. Dis-
tinguish Learn. Whether the evaluation protocol can distinguish persistent memory methods from
in-context learning baselines. For memory benchmarks: ✓ denotes full distinguishability via trans-
fer, replay, and repair probes; × denotes no distinguishing capability (offline-only or no multi-
dimensional probes). For context-learning benchmarks: ✓ denotes the ability to distinguish genuine
context learning from mechanical pattern matching within a session (e.g., CL-bench); × denotes no
such distinguishing capability.

Hybrid Memory. Whether the benchmark simultaneously evaluates both system memory (expe-
riential/procedural, related to task execution) and personal memory (factual/declarative, related to
user preferences). □ is assigned to context-learning benchmarks for which this categorization is not
applicable.

Multi-turn. Whether individual sub-tasks require multiple rounds of agent–environment interaction
to reach completion—for example, iterative tool invocations across steps in database or operating-
system tasks. Single-turn question answering (e.g., LoCoMo sub-tasks each consist of answering
one question) does not qualify, regardless of whether the overall benchmark spans many sessions.

Tool-use. Whether sub-tasks require the agent to invoke external tools, such as code execution
engines, SQL databases, or web APIs.

Single-task Online and Multi-task Online. Whether the benchmark supports streaming evaluation
within a single task type or across interleaved task types respectively, where the agent processes sub-
tasks sequentially and updates memory in real time. □ is assigned to context-learning benchmarks,
for which online streaming across sessions is structurally inapplicable.

Offline. Whether the benchmark supports static train-test split evaluation, where memory is built
from a training set and assessed on a disjoint test set.

Intra-env Transfer, Cross-env Transfer, Replay, and Repair correspond directly to AgentMem-
oryBench’s four advanced evaluation modes (Section H). □ is assigned to benchmarks that do not
support online evaluation (as all four modes require temporal learning dynamics) and to context-
learning benchmarks. × is assigned to online memory benchmarks that lack these specific modes.

F MEMORY METHODOLOGIES FOR AGENTS: EXTENDED SURVEY

Memory mechanisms can be categorized into two primary classes based on their functional focus:
system memory methods and personal memory methods.

System memory methods focus on extracting reusable knowledge from task execution experi-
ences. SYNAPSE (Jiang et al., 2026) integrates episodic memory from interactions with abstract
semantic concepts by constructing a unified episodic-semantic graph and a spreading activation
mechanism, which dynamically highlights relevant knowledge subgraphs to enhance reliability in
complex temporal and multi-hop reasoning tasks. AgeMem (Yu et al., 2026) utilizes a unified
tool-like interface and a three-stage progressive reinforcement learning strategy, enabling large lan-
guage models (LLMs) to autonomously perform operations such as storage, retrieval, and updating
of long-term and short-term memory. This approach learns collaborative management strategies
from multi-stage task experiences to improve adaptation and context utilization in long-term rea-
soning. MACLA (Forouzandeh et al., 2025) builds an external hierarchical program memory that
tracks program reliability through Bayesian selection and refines preconditions and action sequences
via contrastive learning. It extracts interpretable reusable programs from massive trajectories to
improve sample efficiency and generalization in long-horizon tasks. Agent Workflow Memory
(AWM) (Wang et al., 2024) records and retrieves complete workflow histories to extract standard-
ized execution paths and key nodes from repetitive tasks, reducing redundant decision steps and
improving consistency by solidifying procedural experiences into reusable templates. Reasoning-

28



Published as a workshop paper in Lifelong Agent @ ICLR 2026

Bank (Ouyang et al., 2025) focuses on distilling generalizable high-level reasoning strategies from
both successful and failed task experiences to construct a specialized reasoning memory framework.
MemRL (Zhang et al., 2026a) applies non-parametric reinforcement learning to episodic memory to
achieve self-evolution based on runtime environmental feedback. By decoupling the stable reason-
ing of a frozen LLM from the plasticity of external memory, it distinguishes high-value strategies
from semantic noise. It constructs a structured memory bank of intent-experience-utility (Q-value)
triplets and employs a two-stage retrieval mechanism involving semantic similarity recall and value-
aware selection, while updating memory utility via Bellman updates during runtime.

These methods share the common characteristic of centering on task execution experience, trans-
forming it into reusable knowledge through structural modeling, abstraction, and intelligent re-
trieval. However, they generally assume clear task boundaries and explicit task types. In hybrid
scenarios where personal and system memory tasks are intertwined, these methods struggle with
flexible memory scheduling and lack the dynamic adaptability required for fuzzy task boundaries.

Personal memory methods prioritize user preference retention and context understanding during
long-term dialogues. Mem0 (Chhikara et al., 2025) provides a scalable long-term memory system
that dynamically captures and integrates key information through an extraction-update pipeline, sup-
porting graph-structured storage to model complex semantic relationships and maintain consistency
in cross-session reasoning. MemGPT (Packer et al., 2024) adopts an operating-system-inspired hi-
erarchical memory architecture, partitioning memory into a main context and an external context.
It implements information paging via function calls to efficiently manage user facts and dialogue
history, supporting long-document analysis and multi-session interactions. ZEP (Rasmussen et al.,
2025) builds a memory layer service based on temporal knowledge graphs, using a hierarchical
structure of episodic, semantic entity, and community subgraphs to dynamically integrate unstruc-
tured conversation data with structured business data. MemOS (Li et al., 2025) introduces a memory
operating system to manage heterogeneous memory types, including parametric, active, and plain-
text memory, using MemCube as the core unit for lifecycle scheduling and cross-platform migration.
EverMemOS (Hu et al., 2026a) constructs a self-organizing memory system that mimics the biologi-
cal memory cycle through stages of MemCell generation, semantic integration into MemScenes, and
reconstructive recall. While effective in their respective domains, these five methods are restricted
to the personal memory dimension and cannot support the transfer of task execution experiences.
Evaluation of these methods typically relies on personal memory benchmarks such as Locomo (Ma-
harana et al., 2024), LongMemEval (Wu et al., 2025a), and DMR (Packer et al., 2024), which focus
on user preferences and temporal reasoning but fail to assess performance in system task execution
or hybrid scenarios.

Taken together, system memory methods excel within task-execution domains but assume clear task
boundaries and cannot adapt to user-specific context; personal memory methods model user pref-
erences effectively but cannot generalize procedural experience across tasks. Neither type alone
is sufficient when system tasks and personal interactions are interleaved—the precise condition that
real-world deployments impose. MEMs addresses this by retaining both specialized stores and intro-
ducing a lightweight trigger model as a coordination layer, enabling each store to remain structurally
optimized for its domain while the router decides when and where to retrieve and update.

G DATASET DETAILS

This appendix provides detailed specifications for the six datasets in AgentMemoryBench, including
dataset statistics, construction protocols, and task-level characteristics. For a summary overview of
all datasets, see Table 2 in the main text.

G.1 SYSTEM MEMORY TASKS

Code-Grounded Environments:

• Database (DB) (Liu et al., 2025): Evaluates SQL database manipulation skills. Agents
interact with SQLite databases to execute queries, insert/update records, and perform data
analysis. Each sub-task requires deriving correct SQL commands from natural language
instructions. Dataset contains 300 sub-tasks requiring multi-turn code execution.
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• Operating System (OS) (Liu et al., 2025): Assesses terminal shell command execution
capabilities. Agents navigate file systems, manage processes, and manipulate system con-
figurations through bash commands. Tasks require learning command-line patterns and
system operation strategies. Dataset contains 144 sub-tasks.

• Knowledge Graph (KG) (Liu et al., 2025): Examines reasoning and querying over large-
scale knowledge graphs. Agents construct SPARQL queries or traversal algorithms to ex-
tract multi-hop relational information. Tasks demand understanding graph structure and
query optimization. Dataset contains 150 sub-tasks.

Embodied Environment:

• ALFWorld (Shridhar et al., 2021): Focuses on commonsense reasoning and task execution
within embodied household scenarios. Agents perform tasks such as “place a clean pan on
the dining table,” requiring spatial reasoning and action planning. Tasks evaluate behavioral
pattern learning from historical actions. Dataset contains 109 sub-tasks spanning diverse
household objectives.

Web-Grounded Environment:

• WebShop (Yao et al., 2023): Simulates online purchasing workflows in e-commerce sce-
narios. Agents search for products matching user requirements, compare options, and com-
plete purchases. Tasks require summarizing search strategies and selection logic from past
shopping experiences. Dataset contains 200 sub-tasks.

G.2 PERSONAL MEMORY TASK

Dialogue-Grounded Environment:

• LoCoMo (Maharana et al., 2024): Emphasizes long-term conversational memory reten-
tion. The dataset comprises 10 extended dialogues (locomo-0 through locomo-9), each
averaging 20 sessions and 200 questions. Sessions contain background information (user
preferences, context, key facts) that must be retained across turns. Each question serves as a
sub-task requiring retrieval of relevant session information to generate accurate responses.
Total: 10 dialogues × ∼200 QA pairs = ∼2000 sub-tasks across all dialogues.

G.3 TASK-LEVEL CHARACTERISTICS

Task vs. Sub-task Definition: Each dataset corresponds to a task (e.g., DB task = DB dataset).
Each task contains multiple sub-tasks—individual samples requiring single-turn or multi-turn agent-
environment interactions. For system memory tasks, each sub-task is a standalone problem instance.
For LoCoMo, each question within a dialogue constitutes a sub-task, while sessions provide the
memory context.

Multi-turn Interaction: System memory sub-tasks (DB, OS, KG, ALFWorld, WebShop) require
iterative exchanges between agents and environments. Agents must invoke tools (e.g., SQL execu-
tor, bash shell), observe feedback, and refine actions until task completion or maximum steps are
reached. Personal memory sub-tasks (LoCoMo) are single-turn: the agent retrieves relevant memory
and generates a response to each question in one step.

Evaluation Metrics: System memory tasks use Average Success Rate (ASR) and Average Steps
(AS) computed across all sub-tasks. Personal memory task (LoCoMo) uses F1-score (measuring
answer overlap with gold references), BLEU-score (evaluating fluency), and LLM-as-Judge (as-
sessing semantic correctness via Qwen2.5-7B-Instruct evaluation).

Sampling and Reproducibility: All datasets support seeded random shuffling to enable repro-
ducible evaluation across five modes (offline, online, replay, transfer, repair). For LoCoMo tasks,
session-based scheduling preserves temporal ordering across sessions while allowing intra-session
question shuffling.
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H EVALUATION MODES: DETAILED SPECIFICATIONS

This appendix provides detailed implementation specifications and metric formulations for each of
the five evaluation modes in AgentMemoryBench. Table 13 summarizes all evaluation modes and
their metrics.

H.1 OFFLINE MODE

Offline Mode represents a traditional non-streaming evaluation paradigm that bifurcates the sample
set into distinct training and testing phases. The agent first executes all sub-tasks within the training
set to update its memory—invoking only the memory formation (F) and memory evolution (E)
operators—without recording performance metrics. Subsequently, the agent performs tasks in the
testing set by exclusively retrieving memory—invoking only the memory retrieval (R) operator—to
assess terminal performance.

For system memory tasks (e.g., DB, OS, KG, ALFWorld, WebShop), samples are shuffled and
partitioned according to a predefined ratio (e.g., train size = 0.6). For personal memory tasks
(e.g., LoCoMo), we adopt the configuration established by Mem0 (Chhikara et al., 2025), utilizing
all sessions as the training set to inject dialogue context into memory and all questions as the test set
to evaluate retrieval effectiveness.

Evaluation Metrics:

• System Memory Tasks: Effectiveness is measured by performance on the test set:

– Average Success Rate (ASR): The task success rate on the test set, measuring the
capacity of the memory system to facilitate task completion;

– Average Step (AS): The average number of execution steps on the test set, measuring
the efficiency gains provided by the memory system.

• Personal Memory Tasks: Retrieval quality is assessed via multi-dimensional metrics:

– F1-score: The harmonic mean of precision and recall for the generated answers;
– BLEU-score: The n-gram overlap between generated responses and ground-truth ref-

erences;
– LLM as Judge: Utilizing large language models to evaluate the semantic accuracy and

completeness of the answers.

While this mode effectively evaluates the terminal performance of a memory system, it remains
static and cannot capture dynamic transitions during the learning process.

H.2 ONLINE MODE

Online Mode (Streaming Evaluation) adopts a streaming learning paradigm where the agent updates
its memory in real-time during the execution of a sub-task sequence. By recording performance
variations after each sub-task, we observe the dynamic processes of knowledge accumulation, re-
structuring, and forgetting. Given a task sequence T = {k1, k2, . . . , kN}, memory is retrieved
(invoking the R operator) before each sub-task ki and updated (invoking the F and E operators)
upon completion:

M0 k1−−−−−→
R + F + E

M1 k2−−−−−→
R + F + E

M2 · · · kN−−−−−→
R + F + E

MN

This mode captures the complete learning curve of the agent, representing a core innovation of
AgentMemoryBench. Furthermore, we support multi-task online learning and reproducible task
shuffling (shuffle with seed). During evaluation, task types can alternate randomly—mixing hetero-
geneous tasks such as SQL generation (DB), shell command execution (OS), and daily dialogue (Lo-
CoMo). This accurately simulates complex real-world scenarios where task boundaries are blurred
and task distributions shift continuously, ensuring that methods performing well on this benchmark
remain effective in practical deployments, as shown in Figure 2.
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Table 13: Summary of Evaluation Modes and Performance Metrics
Offline Online Replay Transfer Repair

Metrics Sys: ASR, AS
Pers: F1, BLEU,
LLM as J

Single: CSR,
LG, SL
Multi: WCSR,
WLG, WSL

ASR, FR Cross: TG
Intra: FTG

RG, ER, NR
(Full & Std)

Evaluation Metrics: The Online mode utilizes three core metrics to quantify learning dynamics
across single-task and multi-task scenarios:

1. Single-task Online Learning:

• Cumulative Success Rate (CSR): We record the instantaneous success rate Pi after each
sample ki to form a learning curve {P1, P2, . . . , PN}. An upward trend indicates effective
learning, while fluctuations or declines suggest forgetting or knowledge conflicts.

• Learning Gain (LG): This measures the potential improvement space of current perfor-
mance relative to future peak performance. At time step t, it is defined as:

LGt = P future
max − Pt

where Pt is the average success rate after t samples and P future
max = maxi≥t Pi is the future

maximum success rate from time step t onwards (including current). LGt = 0 indicates
current performance has reached the future optimum (no room for improvement), LGt > 0
indicates remaining improvement potential, and smaller LGt indicates the learning system
is approaching its performance ceiling.

• Stability Loss (SL): This quantifies the degradation from the historical peak to measure
the forgetting effect. At time step t, it is defined as:

SLt = P t
max − Pt

where P t
max = maxi≤t Pi is the historical maximum success rate. A larger SLt signifies

more severe forgetting.

2. Multi-task Online Learning: For multi-task scenarios, we aggregate performance across differ-
ent tasks using task weights wT to ensure fairness and comparability.

Task Weight Calculation: To ensure balanced contribution across heterogeneous tasks, we com-
pute task weights by comprehensively considering both quantity and difficulty dimensions using
descending order ranking (higher rank value indicates higher priority). Given the task set D, for
each task T ∈ D:

1. Assign quantity rank rsize(T ): tasks with fewer samples receive higher rank values.

2. Assign difficulty rank rdiff(T ): tasks with lower baseline success rates (harder tasks) re-
ceive higher rank values.

3. Calculate the combined rank: r(T ) = rsize(T ) + rdiff(T ).

4. Normalize to obtain task weights:

wT =
r(T )∑

T ′∈D r(T ′)

ensuring
∑

T wT = 1.

This balanced weighting strategy ensures that when tasks exhibit complementary characteristics
(e.g., one task has fewer samples while the other is more challenging), their contributions are natu-
rally equilibrated through the combined ranking mechanism.

Table 14 presents the sample size and baseline difficulty (zero-shot success rate) for each task.
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Table 14: Task statistics: sample size and baseline difficulty (zero-shot success rate in system mem-
ory tasks; mem0 success rate in personal memory tasks).

Task Sample Size Baseline Success Rate (%)
DB 300 49.0
OS 144 36.1
KG 150 24.7
AlfWorld 109 17.4
LoCoMo-0 152 50.0
LoCoMo-4 178 56.18

• Weighted Cumulative Success Rate (WCSR):

WCSRt =
∑
T ∈D

wT · P T
t

where D is the set of all involved tasks and
∑

T wT = 1.
• Weighted Learning Gain (WLG):

WLGt =
∑
T ∈D

wT · (P future,T
max − P T

t )

where P future,T
max = maxi≥t P

T
i is the future maximum success rate of task T from time step

t onwards (including current), measuring the overall improvement potential relative to the
future optimal state in multi-task scenarios. Smaller WLGt indicates the learning system is
approaching its performance ceiling in multi-task settings.

• Weighted Stability Loss (WSL):

WSLt =
∑
T ∈D

wT · (P t,T
max − P T

t )

This measures the aggregate degree of forgetting in multi-task environments.

Together, these metrics characterize the learning ability (LG/WLG), retention capacity (SL/WSL),
and dynamic adaptability (CSR/WCSR curve morphology) of the memory system over time.

H.3 REPLAY MODE

Replay Mode (Replay Learning) represents a periodic testing paradigm designed to assess the
agent’s ability to retain previously acquired knowledge and resist forgetting. It serves as the core
mechanism for quantifying Backward Transfer. The task sequence is partitioned into multiple re-
play stages, where each stage consists of learning new samples followed by testing on a subset of
previously learned samples.

• Stage Partitioning Mechanism: For system memory tasks, a test is triggered after every
m new samples are learned (via R+F+E operators); the test involves randomly sampling n
previously learned items for retrieval-only evaluation (R). For personal memory tasks (e.g.,
LoCoMo), each session constitutes a natural stage. After completing the learning phase for
a session, the agent is tested on a random selection of QA pairs from that session.

• Memory Contamination Control: To ensure the integrity of the evaluation, test samples
only invoke the retrieval operator (R) and bypass the formation (F) and evolution (E) oper-
ators. This prevents the testing process itself from altering the memory state.

• Immediate Test: Following the learning of each training sample, an immediate test is per-
formed (using the R operator) to measure short-term memory effectiveness. By comparing
immediate test results with subsequent replay results, the degree of forgetting can be pre-
cisely quantified.

Evaluation Metrics:
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• Average Success Rate (ASR): The mean performance across all replay stages, reflecting
the overall retention capacity of the memory system.

• Forgetting Rate (FR): This metric quantifies the performance degradation of a sample
from its initial learning point to subsequent replay stages. For K replay stages, the for-
getting rate for a sample s learned in stage j and re-tested in stage k (k > j) is defined
as:

FR
(j)
k (s) =

P
(j)
immediate(s)− P

(j)
replayk

(s)

P
(j)
immediate(s)

× 100%

where: P
(j)
immediate(s) is the short-term memory performance immediately after learning.

P
(j)
replayk

(s) is the long-term memory performance during the k-th replay stage.

The aggregate Forgetting Rate (FR) is calculated by averaging across all samples and all
subsequent replay intervals:

FR =
1

K − 1

K−1∑
j=1

1

|Sj |
∑
s∈Sj

1

K − j

K∑
k=j+1

FR
(j)
k (s)

where Sj denotes the set of samples learned in stage j. A low FR (approaching 0%)
indicates robust resistance to forgetting, while a high FR suggests catastrophic forgetting.

This mode provides a systematic evaluation of backward knowledge transfer, serving as a pivotal
paradigm in continual learning research.

H.4 TRANSFER MODE

Transfer Mode (Transfer Learning) evaluates the agent’s generalization capability by applying ac-
quired knowledge to novel scenarios. We design two distinct transfer settings:

Cross-Environment Transfer: Assesses the ability to transfer knowledge across different task do-
mains. The agent first learns on a source task Tsource (e.g., DB tasks), evolving its memory from M0

to M source. It is then tested on a target task Ttarget (e.g., OS tasks) by retrieving only from the source
memory (invoking the R operator). The transfer gain is defined as:

∆cross = Ptransfer(Ttarget)− Pzero-shot(Ttarget)

where Ptransfer denotes the performance using source memory and Pzero-shot is the baseline. This sce-
nario verifies whether the memory system extracts abstract reusable knowledge, such as reasoning
strategies or tool-use patterns.

Within-Environment Forward Transfer: Evaluates the predictive capability for future samples
within the same environment after learning a current sample. Given a sequence {k1, k2, . . . , kN},
after learning sample ki (invoking R + F + E), the agent immediately tests the Nforward-th future
sample ki+Nforward using the current memory M i (invoking only the R operator).

Evaluation Metrics:

1. Cross-Environment Transfer:

• Transfer Gain (TG): Quantifies the improvement provided by source memory on the target
task.

Transfer Gain = Ptransfer(Ttarget)− Pzero-shot(Ttarget)

A positive value indicates successful knowledge transfer, while a value ≤ 0 suggests no
effect or negative transfer.

2. Within-Environment Forward Transfer:

To mirror the Forgetting Rate (FR) used in Replay mode, we introduce the Forward Transfer Gain
(FTG):
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• Forward Transfer Gain (FTG): Measures the predictive boost for future samples after
learning the current one. For a sample learned at position i, the FTG for a future sample at
i+Nforward is:

FTGi =
P

(i)
forward(ki+Nforward)− Pimmediate(ki+Nforward)

P
(i)
immediate(ki)

× 100%

where:
– P

(i)
immediate(ki) is the immediate performance on the current sample (self-learning ef-

fect).
– P

(i)
forward(ki+Nforward) is the performance on the future sample using memory M i (for-

ward prediction effect).
– Pimmediate(ki+Nforward) is the immediate performance of the future sample after its own

learning (baseline performance).
FTGi > 0 indicates that the memory acquired from learning the current sample positively
transfers to future samples, enhancing predictive capability for future tasks; FTGi ≈ 0
indicates no benefit to future samples; FTGi < 0 indicates negative transfer where current
learning interferes with future task execution.

This mode systematically evaluates knowledge generalization and forward transfer, complementing
the backward transfer (resistance to forgetting) assessed in Replay mode to provide a complete
profile of the memory system’s temporal transfer characteristics.

H.5 REPAIR MODE

Repair Mode (Repair Learning) tests the self-correction capabilities of the memory system when
faced with erroneous feedback and knowledge conflicts. The sample set is organized into multiple
repair groups, within which n samples are randomly selected as inverted samples (correct outcomes
are labeled as failures, and failures as successes). Each group executes through four sequential
phases:

Phase 1 - Erroneous Learning (wrongJudge): The agent learns all m samples under incorrect
reward signals (invoking R + F + E operators). Inverted samples receive inverted rewards while
others receive correct ones, resulting in a contaminated memory Mwrong.

Phase 2 - Erroneous Testing (wrongJudgeTest): All samples are tested using correct rewards
(invoking only the R operator) to evaluate the performance of the contaminated memory. Memory
is not updated during this phase; Mwrong is used solely for retrieval-augmented decision-making.

Phase 3 - Corrective Repair (rightJudge): The agent re-learns all samples under correct rewards
(invoking R + F + E operators), revising the contaminated memory into Mright. This phase allows
the system to identify and rectify previously stored erroneous knowledge.

Phase 4 - Repair Testing (rightJudgeTest): All samples are tested again with correct rewards
(invoking only the R operator) to assess post-repair performance.

Evaluation Metrics:

The Repair mode employs three core normalized metrics to comprehensively evaluate the error
tolerance and repair capability of the memory system. All metrics are normalized relative to the
baseline performance Ponline from normal online learning to eliminate the influence of different
dataset baselines:

1. Repair Gain (RG): Measures the recovery capability of the memory system from erroneous
learning

Repair GainFull =
PrightJudgeTestFull − PwrongJudgeTestFull

Ponline
× 100%

Repair GainStandard =
PrightJudgeTestStandard − PwrongJudgeTestStandard

Ponline
× 100%
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The Full metric evaluates the repair effect across all samples, while the Standard metric focuses
specifically on the inverted samples. Higher Repair Gain indicates stronger repair capability.

2. Error Robustness (ER): Measures the resistance of the memory system to erroneous learning

Error RobustnessFull =
PwrongJudgeTestFull − Ponline

Ponline
× 100%

Error RobustnessStandard =
PwrongJudgeTestStandard − Ponline

Ponline
× 100%

where Ponline is the final cumulative success rate under normal online learning mode (baseline per-
formance). Error Robustness closer to 0% indicates the memory system maintains high performance
even after erroneous learning, demonstrating strong error resistance; Error Robustness < 0 indicates
performance degradation due to erroneous learning, with more negative values indicating more se-
vere degradation.

3. Net Recovery (NR): Measures the degree of performance recovery relative to normal learning
after repair

Net RecoveryFull =
PrightJudgeTestFull − Ponline

Ponline
× 100%

Net Recovery ≈ 0% indicates complete recovery to normal learning levels; Net Recovery > 0
indicates post-repair performance exceeds the normal baseline (the memory system learns from
errors); Net Recovery < 0 indicates incomplete repair, remaining below the normal baseline.

These metrics collectively characterize the error tolerance (Error Robustness), repair capability
(Repair Gain), and recovery completeness (Net Recovery) of the memory system. This represents
the first conflict-correction evaluation mechanism introduced in a memory benchmark, validating
whether the memory system can identify and rectify erroneous knowledge. It serves as a critical
paradigm for assessing memory robustness and knowledge conflict resolution capability.

I BASELINE METHODS: DETAILED SPECIFICATIONS

We formally define the following baseline methods, which represent distinct design paradigms for
memory mechanisms.

I.1 ZERO-SHOT

The zero-shot approach operates without any memory mechanism. The agent generates actions
based solely on current observations:

at = π(ot,⊥)

where ⊥ denotes a null memory signal, indicating that no memory retrieval is performed. This
method reflects the fundamental instruction-following capability of the LLM and serves as the per-
formance lower bound.

I.2 STREAMICL

StreamICL (Wu et al., 2024): This streaming in-context learning method utilizes a vector database
to store and retrieve complete interaction trajectories of historically successful tasks. When exe-
cuting sub-task k, the retrieval operator RstreamICL retrieves the top− k most similar experiences
from MstreamICL

k based on the specific requirements Qk:

mk = RstreamICL(MstreamICL
k , Qk)
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Upon the successful completion of sub-task k, the formation operator F streamICL formats the com-
plete trajectory, and the evolution operator EstreamICL appends it to the vector database.

I.3 MEM0

Mem0 (Chhikara et al., 2025): Mem0 is a scalable long-term memory system primarily focused
on user preference retention. The memory system Mmem0 employs a hybrid storage architecture
combining graph structures and vector databases. The graph structure uses entities as nodes and
relations as edges to build a structured knowledge graph, while the vector database handles semantic
retrieval and re-ranking. During sub-task k, the retrieval operator Rmem0 first obtains candidate
memories via semantic search and then filters and re-ranks them using the graph structure to obtain
top− k relevant items.

Upon successful task completion, Mem0 utilizes a lightweight LLM (gpt-4o-mini) for memory man-
agement across two stages:

• Memory Formation (Fmem0): The LLM extracts user-related structured facts from the
dialogue history ϕk to generate memory candidates. Simultaneously, it identifies entities
and relations to update the graph.

• Memory Evolution (Emem0): The LLM performs four operations (ADD, UPDATE,
DELETE, NONE) on the candidates and existing Mk to achieve conflict resolution, dedu-
plication, and integration.

While Mem0 excels at maintaining long-term user preferences, it lacks the capacity to accumulate
procedural task execution experience.

I.4 AWMPRO

awmPro (Modified from Agent Workflow Memory (Wang et al., 2024)): This workflow-based ap-
proach improves execution efficiency by recording and retrieving workflow histories. The workflow
memory Mawm stores structured workflows in a vector database. During sub-task k, the retrieval
operator Rawm retrieves the top− k most similar workflows based on query Qk.

After a successful task, awmPro updates its memory via a two-stage process:

• Memory Formation (Workflow Induction, F awm): A lightweight LLM (Qwen2.5-7B-
Instruct) distills reusable workflow descriptions Wk from the full trajectory hk using spe-
cific prompts, generalizing execution steps into natural language patterns.

• Memory Evolution (Workflow Management, Eawm): A hybrid of vector retrieval and
LLM judgment is used for management:

– Vector Retrieval: For each new workflow w ∈ Wk, it identifies the top − K similar
workflows {w′

1, w
′
2, . . . , w

′
K} in Mawm

k .
– LLM Judgment: A lightweight LLM (Qwen2.5-7B-Instruct) compares w with the

similar set and executes one of the four operations (ADD, UPDATE, DELETE,
NONE) to produce the updated memory: Mawm

k+1 = Eawm(Mawm
k ,W k).

This method focuses on accumulating execution experience and workflow reuse but lacks mainte-
nance of user-specific preferences.
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I.4.1 WORKFLOW INDUCTION PROMPT

The workflow induction process uses the following prompt to extract reusable workflows from tra-
jectories:

Given a completed trajectory, your task is to extract reusable
workflow(s) from it. Each workflow should be a commonly-reused
sub-routine. Do not generate similar or overlapping workflows.
Each workflow should have at least two steps.

OUTPUT FORMAT (strictly follow this format): workflow name Given
that [context description], this workflow [what it does]. [step 1
description with {variable} placeholders] [step 2 description with
{variable} placeholders] ...

IMPORTANT: - Each workflow must start with " workflow name"
(use snake case for names) - The next line should describe the
context and purpose - Then list the steps, using {variable-name}
for parameterizable values - Extract multiple workflows if the
trajectory contains different reusable patterns - Use clear,
descriptive variable names in {curly braces}
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I.4.2 WORKFLOW MANAGEMENT PROMPT

The workflow management process uses the following prompt template to decide operations (ADD,
UPDATE, DELETE, NONE) for each new workflow:

You are a smart workflow memory manager. You control the workflow
memory of a system. You can perform four operations: (1) ADD, (2)
UPDATE, (3) DELETE, and (4) NONE.

Based on the existing workflows and new workflows, you need to
decide which operation to perform for EACH new workflow.

Operation Guidelines:

1. ADD: Use when the new workflow does not exist in the existing
workflows. - The new workflow describes a different task or
pattern - Generate a descriptive workflow name as the ID (e.g.,
"filter table by condition", "update user profile") - [IMPORTANT]
If existing workflows list is EMPTY, ALL new workflows must be ADD
operations

2. UPDATE: Use when the new workflow is similar to an existing
workflow but provides more details or improvements. - The new
workflow covers the same task but with better description or
additional steps - Use the exact numeric ID from the existing
workflow (e.g., "0", "1", "2") - Include the "old memory" field
with the original workflow text - [IMPORTANT] NEVER use UPDATE if
the workflow ID does not exist in the existing workflows list

3. DELETE: Use when the new workflow contradicts an existing
workflow. - The new workflow provides information that conflicts
with an existing workflow - Use the exact numeric ID from the
existing workflow - This operation is rare for workflow management

4. NONE: Use when the new workflow already exists in the existing
workflows. - The new workflow is essentially the same as an
existing workflow - No changes needed

[CRITICAL RULES] - You MUST return one operation for
EACH new workflow - For ADD operations: ID must be a
descriptive workflow name (snake case), NOT "ADD" or a number - For
UPDATE/DELETE operations: ID must be the exact numeric ID from
existing workflows (e.g., "0", "1", "2"), NOT a descriptive name
- If existing workflows is empty or "None", ALL operations must
be ADD - NEVER use UPDATE/DELETE with IDs that don’t exist in the
existing workflows list

Existing workflows (format: "ID: <number>"): {existing workflows}

New workflows: {new workflows}

Return JSON only (no other text).

The LLM compares each new workflow with the top-K similar existing workflows retrieved via vec-
tor search, and returns decisions in JSON format with fields: id, text, event, and old memory
(for UPDATE operations).
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I.5 MEMS: MULTI-MEMORY METHODOLOGY

MEMs (Multi-Memory Methodology): This multi-memory coordination framework addresses
the limitations of single-memory approaches in hybrid scenarios. MEMs maintains two special-
ized memory stores—System Memory (Msys) and Personal Memory (Mpers)—and employs a
lightweight trigger model T as a metacognitive router to coordinate them.

Retrieval Phase: During the execution of sub-task k, the trigger model T analyzes the specific
requirements Qk to determine which memory systems to activate. It can select system memory,
personal memory, both, or neither:

Sretrieve = T (Qk), Sretrieve ⊆ {sys, pers}

The agent retrieves from selected sources and generates actions based on the integrated memory
signals:

mk =
⊕

s∈Sretrieve

R(Ms, Qk), at = π(ot,mk)

where
⊕

denotes memory signal aggregation.

Update Phase: Upon completion of task k, the trigger model evaluates the interaction trajectory hk

to decide which memory systems require updating:

Supdate = T (hk), Supdate ⊆ {sys, pers}

For each s ∈ Supdate, the memory is updated via formation and evolution operators:

Mk+1
s = Es(Fs(M

k
s , ϕk),M

k
s )

where Fs and Es are source-specific (e.g., Fsys extracts workflows, while Fpers extracts user facts).

Trigger Model Implementation: The trigger model is implemented as a lightweight LLM
(Qwen2.5-7B-Instruct) that performs two-stage decision-making:

1. Retrieval Decision: Before task execution, the trigger analyzes task requirements Qk to
determine memory retrieval needs. It classifies the task type (system-task vs. personal-
interaction) based on linguistic features and task context.

2. Update Decision: After task completion, the trigger analyzes the trajectory hk to identify
which knowledge should be stored. System memory is updated when procedural patterns
are detected (e.g., repeated action sequences, tool-use workflows); personal memory is
updated when user-specific information appears (e.g., preferences, facts, dialogue context).

Memory Isolation and Specialization: By maintaining separate memory stores and intelligent
routing, MEMs achieves three key advantages: (i) Memory Purity: System and personal memories
remain isolated, preventing contamination from heterogeneous task types; (ii) Specialization Main-
tenance: Each memory system maintains high quality in its domain through specialized formation
and evolution operators; (iii) Dynamic Adaptability: The trigger model enables flexible memory
coordination in mixed-task scenarios where task boundaries are blurred.

This architecture mimics the functional coordination of the human prefrontal cortex, which man-
ages diverse memory systems such as hippocampus-dependent declarative memory and striatum-
dependent procedural memory (Rudy et al., 2005; Eichenbaum, 2017; Miller & Cohen, 2001), en-
abling genuine multi-memory synergy in real-world agent applications.
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I.5.1 TRIGGER MODEL PROMPTS

The trigger model employs two specialized prompts for different decision stages:

Retrieval Decision Prompt: Before task execution, the trigger model analyzes the task query to
determine which memory sources to retrieve from:

You are a memory source selector. Given the task query, decide
which memory source(s) should be retrieved from.

Available memory sources: - system memory: Stores task execution
workflows and experiences. Use for tasks requiring procedural
knowledge, tool usage patterns, or execution strategies. -
personal memory: Stores user preferences and conversation
history. Use for tasks requiring personalization or user-specific
information.

Task query: {query}

You must return your decision in JSON format: { "sources":
["system memory"] | ["personal memory"] | ["system memory",
"personal memory"], "reasoning": "brief explanation" }

Update Decision Prompt: After task completion, the trigger model analyzes the interaction trajec-
tory to determine which memory sources should be updated:

You are a memory source selector. Given the task interaction
trajectory, decide which memory source(s) should be updated.

Available memory sources: - system memory: Stores task execution
workflows and experiences. Update when the trajectory contains
procedural patterns, repeated action sequences, or tool-use
workflows. - personal memory: Stores user preferences and
conversation history. Update when the trajectory contains
user-specific information such as preferences, facts, or dialogue
context.

Task interaction trajectory: {history}

You must return your decision in JSON format: { "sources":
["system memory"] | ["personal memory"] | ["system memory",
"personal memory"], "reasoning": "brief explanation" }
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