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Abstract
Generalist Virtual Agents (GVAs) powered by Multimodal
Large Language Models (MLLMs) exhibit impressive capa-
bilities. However, their long-term learning is hampered by
a core limitation: a failure to evolve beyond existing trajec-
tories. This stems from memory systems that treat experi-
ences as isolated fragments and rely on brittle semantic re-
trieval, preventing the synthesis of novel solutions from dis-
parate knowledge. To address this, we introduce CA3Mem,
a framework inspired by the human hippocampus that orga-
nizes experiences into a structured memory graph. Leverag-
ing this graph, CA3Mem features two key innovations: 1)
a generative memory recombination mechanism that synthe-
sizes novel solutions to drive agent evolution, and 2) an asso-
ciative retrieval algorithm that employs spreading activation
to recall a comprehensive and contextually-aware set of ex-
periences. Experiments on OSWorld and WebArena demon-
strate that CA3Mem significantly enhances agent capabili-
ties, leading to marked improvements in long-horizon plan-
ning, compositional generalization for novel tasks, and con-
tinuous adaptation from experience.

1 Introduction
Recent advances in multimodal large language models
(MLLMs) have substantially expanded the capabilities of
Generalist Virtual Agents (GVAs) (Gao et al. 2024; Zheng
et al. 2024; Li et al. 2023b; Hong et al. 2024), enabling
them to interpret user instructions, perceive graphical user
interfaces (GUIs), and reason over digital environments with
strong visual and contextual understanding (Hu et al. 2024;
Li et al. 2023a; Zhang et al. 2024a; Li et al. 2025; Wang
et al. 2024a). Leveraging these MLLM-enabled capabili-
ties, GVAs can generate executable actions and interact with
device interfaces, thereby assisting users in completing di-
verse tasks (He et al. 2024; Li et al. 2024). Despite their
perceptual and reasoning strengths, MLLM-based GVAs
rely on limited context windows to capture and retain in-
teraction history, confining them to single-task scopes and
hindering persistent knowledge reuse. This limitation be-
comes particularly pronounced in the face of a vast and
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Figure 1: A case illustrating the limitations of existing mem-
ory mechanisms. Semantic similarity retrieves a partially
relevant trajectory (Traj. A) but misses the crucial archiving
skill in Traj. N. Furthermore, because memories are stored
as isolated trajectories, this prevents the agent from synthe-
sizing knowledge from both, leading to an incorrect plan that
attempts to attach a folder directly.

continuously evolving landscape of applications and web-
sites, requiring agents to continually acquire up-to-date do-
main knowledge from open-world experience. To address
these challenges, recent research has focused on endow-
ing agents with long-term memory mechanisms that en-
able continuous knowledge accumulation and autonomous
adaptation over time (Jiang et al. 2024; Azam et al. 2024).
These mechanisms typically accumulate reusable knowl-
edge by preserving task-specific interaction histories (Zheng
et al. 2023; Wang et al. 2024b) or abstracting experien-
tial patterns, which are often encoded in isolation across
tasks (Chen et al. 2024; Wu et al. 2024a; Tan et al. 2024;
Zhao et al. 2023; Fu et al. 2024). At inference time, rele-
vant information is retrieved via semantic similarity and in-
tegrated into the MLLM’s context to support downstream
decision-making.

However, the long-term memory mechanisms of existing
GVAs exhibit significant limitations in both memory repre-
sentation and utilization: 1) Static memory representation
hinders evolution beyond existing trajectories: Existing
memory systems typically treat past experiences as isolated
trajectories, relying on static extraction or abstraction of
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knowledge. While this allows for the reuse of previously ob-
served solutions, their evolutionary potential is fundamen-
tally limited. By failing to model the latent relationships be-
tween experiential fragments from different contexts, these
systems lack a mechanism to generatively synthesize novel
task solutions. Consequently, their problem-solving capa-
bilities are largely bound by the scope of their explicit mem-
ories, restricting their ability to adapt to challenges that re-
quire inventive compositions of past experiences. 2) Trajec-
tory matching based retrieval methods limit experience
reuse: Current retrieval methods primarily rely on seman-
tic similarity, treating trajectories as strings and performing
simple string matching. Given the complexity of GVA tasks,
however, it is rare for a new task to have a perfect one-to-one
match with a single past trajectory. As illustrated in Figure 1,
if the result scope is constrained to only the most semanti-
cally similar trajectories, the agent may miss key knowledge;
conversely, expanding the scope to ensure sufficient cover-
age typically introduces substantial noise that confounds the
agent’s decision-making. Furthermore, conventional meth-
ods essentially return a collection of memory fragments that
are only semantically similar to the task, which may lack
true contextual relevance and thus hinder the agent’s reuse
of experience.

In contrast, the human hippocampal cornu ammonis area
3 (CA3) (Sammons et al. 2024) offers a compelling blueprint
for overcoming these limitations through two distinct mech-
anisms. First, it enables generative knowledge evolution.
Through memory replay, the brain recombines fragments of
past episodes to construct novel experiences that have never
been directly encountered (Kurth-Nelson et al. 2023; Ather-
ton, Dupret, and Mellor 2015; Nakashiba et al. 2009). This
ability to synthesize new scenarios from existing memories
in a bottom-up fashion inspires our approach to agent evo-
lution. Second, it facilitates robust associative memory re-
trieval. Functioning as an auto-associative network (Rolls
2013; Marr 1971), CA3 can reconstruct full memory rep-
resentations from partial cues via a process known as pat-
tern completion (Rolls and Kesner 2006; Rolls and Treves
1997). This principle of associative retrieval thus diverges
significantly from mechanisms dependent on direct seman-
tic matching. Its core process, wherein activation from an
initial cue progressively spreads through contextually linked
memories, directly informs our design of a more sophisti-
cated retrieval system.

Inspired by the aforementioned neuroscientific principles,
we propose CA3Mem, a long-term memory framework de-
signed to support cross-task generalization and continual
learning in GVAs. Specifically: 1) We introduce a gener-
ative memory framework for agent evolution. First, we
propose CA3-Net, a biologically inspired memory graph
that organizes experiences into subtask nodes linked by con-
textual dependencies, capturing latent associations across di-
verse task trajectories. Built upon this structure, we intro-
duce a memory recombination mechanism that enables the
agent to reason within its memory. By dynamically compos-
ing subtask nodes from different task histories in a bottom-
up manner, the agent can generate novel, executable trajec-
tories that have never been explicitly encountered. This pro-

cess of synthesizing new knowledge from fragmented mem-
ories drives the agent’s memory-driven evolution, allowing it
to continually expand its capabilities beyond simple knowl-
edge recall. 2) We propose an associative retrieval mech-
anism to enhance experience reuse. To achieve this during
online task execution, we employ a spreading activation pro-
cess (Anderson 1983; Crestani 1997) that leverages both se-
mantic similarity and contextual dependencies within CA3-
Net. The process begins by identifying an initial set of seed
nodes that are semantically relevant to the current task state.
From these entry points, activation iteratively propagates
throughout the network via contextual links, expanding the
search to structurally connected memory regions. This ap-
proach enables the agent to bridge the semantic gap and re-
trieve crucial, task-relevant experiences, even those that are
semantically distant.

Extensive experiments validate that CA3Mem signifi-
cantly advances agent capabilities, achieving a state-of-the-
art overall success rate of 23.85% on the comprehensive
OSWorld benchmark. This superiority is particularly evi-
dent on difficult Workflow tasks requiring multi-step, cross-
application coordination, where CA3Mem achieves a 10.3%
absolute improvement in success rate over the GPT-4o base-
line. Furthermore, dedicated experiments confirm the frame-
work’s capacity for continuous adaptation, demonstrating
its ability to learn from ongoing experience. Moreover, its
strong performance on the WebArena benchmark highlights
its overall robustness and generalizability across diverse en-
vironments, and these results collectively underscore the
broad applicability and strong potential of CA3Mem as a
long-term memory framework for generalist virtual agents.
Our contributions can be summarized as follows:

• We propose a generative memory framework, CA3Mem,
that enables agent evolution by synthesizing novel, ex-
ecutable task solutions from a structured graph of past
experiences via memory recombination.

• We develop an associative retrieval mechanism that
employs spreading activation over the memory graph.
This approach bridges the semantic gap in memory
search by retrieving experiences based on contextual rel-
evance, not just semantic similarity.

• We conduct extensive experiments across comprehensive
task settings, demonstrating that CA3Mem shows im-
proved performance in both relatively simple scenarios
such as Daily and OS, as well as in more complex, cross-
application environments like Workflow.

2 Related Work
Memory Management Mechanisms for Virtual Agents.
To enhance agent adaptability, a growing body of research
has focused on long-term memory mechanisms (Zhang et al.
2024c). Prior work has explored storing experiences at vari-
ous levels of granularity, from complete task trajectories and
workflows (Zheng et al. 2023; Wang et al. 2024b; Agashe
et al. 2024) to finer-grained procedural skills and hierarchi-
cal knowledge modules (Tan et al. 2024; Wu et al. 2024a;
Wang et al. 2023). Although these methods are effective at
preserving past solutions, they typically treat memories as
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Figure 2: Overview of the CA3Mem framework. Left: Task trajectories are integrated into the CA3-Net memory graph, enabling
recombination into new executable trajectories. These are abstracted into high-level guidelines and stored for future use. Right :
During task execution, the current task Context triggers semantic retrieval, followed by spreading activation to identify relevant
past experiences for decision-making.

isolated units and rely on retrieval mechanisms based on se-
mantic similarity (Sumers et al. 2023). This fragmented stor-
age and brittle retrieval process hinders agents from reusing
and composing knowledge from experiences that are con-
textually relevant but semantically distant, thereby limiting
their effectiveness in open-world environments (Xu et al.
2025a).

Mechanisms for Self-Evolution in Virtual Agents. To
support self-evolution, several works introduce mechanisms
that enable virtual agents to derive reusable rules or skills
from their interaction history (Liang et al. 2024). Prevailing
methods distill experiences into various forms of structured
knowledge, such as context-aware rules (Fu et al. 2024),
procedural manuals (Chen et al. 2024), or natural-language
lessons and skills (Zhao et al. 2023). Other prominent strate-
gies involve incorporating self-reflection mechanisms to op-
timize behavior (Shinn et al. 2023; Wu et al. 2024a; Zhang
et al. 2024b) or abstracting generalizable patterns from suc-
cessful executions (Tan et al. 2024; Wang et al. 2023). While
these approaches are pivotal for distilling high-level knowl-
edge from raw experience, their evolutionary potential is
fundamentally bound by the scope of previously observed
trajectories. They excel at abstraction and refinement but
lack a mechanism to generatively synthesize novel task
solutions by recombining experiential fragments from dis-
parate contexts, a limitation that significantly hinders true
autonomous evolution.

3 CA3Mem
CA3Mem is inspired by the CA3 region of the human
hippocampus and is designed to equip virtual agents with
a structured, association-capable long-term memory sys-
tem. The framework segments task execution trajecto-
ries into fine-grained memory fragments and models con-
textual dependencies to construct the relational memory
graph CA3-Net (Section 3.1). Leveraging this graph, the
memory recombination module drives knowledge evo-
lution by synthesizing novel, executable trajectories from
the graph and summarizing them into high-level, transfer-
able Guidelines (Section 3.2). During online task execu-
tion, the agent leverages a dual-retrieval process to inform
its decision-making: it retrieves relevant Guidelines via se-
mantic search, while applying the associative retrieval pro-
cess to the CA3-Net to recall contextually relevant subtask
nodes (Section 3.3). Finally, newly successful trajectories

CA3-NetTrajectory Processing
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Subtask Nodes
    

Task Trajectories
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Figure 3: Construction of CA3-Net. Each trajectory is parsed
into subtask nodes and structured as a DAG (left), which is
then merged into the unified memory graph(right).

from online execution are in turn used to dynamically up-
date and expand the CA3-Net, enabling a continuous cycle
of learning and adaptation (Figure 2).

3.1 Construction of CA3-Net
The construction of CA3-Net transforms the agent’s raw ex-
periences into a structured graph, as illustrated in Figure 3.
The process starts with task trajectories, which serve as the
fundamental records of the agent’s interactions. During task
execution, the agent’s experiences are collected as trajecto-
ries. A trajectory τ , representing a complete task instance, is
formally defined as:

τ = (G, {(O1, A1), (O2, A2), . . . , (OT , AT )}) (1)

Where G denotes the task goal, and {(Oi, Ai)}Ti=1 is the
sequence of observation-action pairs from the agent’s inter-
action with the environment. Following execution, an au-
tonomous evaluator validates each trajectory, and only suc-
cessful ones are retained for memory construction. The de-
tailed evaluation procedures are described in Appendix E.

From Trajectories to Subtask Nodes. Each successful
task trajectory is then decomposed into a set of memory
units based on the principle of functional cohesion, where
each unit corresponds to a specific subtask. These units
are instantiated as subtask nodes in the memory network,
each encoding structured information such as the subtask’s
functional description, execution steps, environmental con-
text, and associated applications. To enhance generalizabil-
ity, subtask nodes omit low-level interface details such as the
exact screen coordinates of individual actions. The prompt
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Figure 4: A memory recombination example where the
agent synthesizes a novel trajectory by composing subtask
knowledge from multiple prior tasks. Detailed descriptions
of the source trajectories are provided in Appendix F.

used for subtask node extraction, along with an example of
a generated subtask node, is provided in Appendix A.

From Subtask Nodes to Memory Networks. After sub-
task node extraction, each task trajectory is segmented into a
set of functionally independent subtask nodes, enabling fine-
grained functional decomposition. Although the sequential
order of actions in a trajectory provides an explicit execu-
tion sequence, such a linear structure is often insufficient to
accurately capture the underlying dependencies among sub-
tasks. To address this, we further model the contextual de-
pendencies between subtask nodes and construct a depen-
dency graph that reflects their interrelations.
Specifically, we infer upstream and downstream dependen-
cies by analyzing the preconditions and postconditions of
each subtask node. The system performs dependency analy-
sis within each trajectory’s subtask node set. By leveraging
contextual features such as subtask functional description
and environmental resources, it uncovers latent dependen-
cies that may be overlooked by the raw execution order and
establishes directed edges between the corresponding sub-
task nodes.
The resulting structure is a Directed Acyclic Graph (DAG)
that captures the subtask dependency structure of a tra-
jectory. Each trajectory is transformed into an individual
DAG gi = (Vi, Ei), where Ei is the set of directed
edges representing contextual dependencies, and Vi =
{vi1, vi2, . . . , vini} is the set of its constituent subtask
nodes. Collectively, these individual graphs form a compre-
hensive set G = {g1, g2, . . . , gM}. Consequently, the global
set of all subtask nodes across all trajectories is the union of
these node sets: U =

⋃M
i=1 Vi.

To establish cross-trajectory associations within our mem-

ory graph, we construct CA3-Net by merging functionally
equivalent subtask nodes from the global set U . The equiva-
lence is determined by a semantic similarity criterion: two
nodes are merged if the cosine similarity of their func-
tional description embeddings exceeds a predefined thresh-
old, θmerge. The resulting merged node unifies the attributes
and consolidates the incoming and outgoing edges of its con-
stituents. This process provides a robust semantic and struc-
tural foundation for the subsequent associative retrieval and
memory recombination.

3.2 Memory Recombination for Evolution
As shown in the Figure 4, to overcome the limitations of
processing trajectories in isolation, we propose a mem-
ory recombination-driven evolutionary strategy. This strat-
egy synthesizes novel task trajectories through a bottom-up
composition of subtask nodes within the CA3-Net graph.
The composition process is governed by two key factors:
it is constrained by the topological structure of CA3-Net,
which encodes valid subtask dependencies to ensure logical
reliability, and it is guided by our proposed Coverage-based
Overlap Score to promote the discovery of novel knowledge.
These synthesized trajectories serve as a basis for abstract-
ing transferable knowledge, enabling the agent to continu-
ously evolve in a memory-driven, self-supervised manner.

Coverage-based Overlap Score (COS). To formally
quantify the novelty of a recombined trajectory, we in-
troduce the Coverage-based Overlap Score (COS), which
serves as the primary guidance metric for our recombination
strategy. This metric assesses the trajectory’s overlap with
existing ones, framed as a set cover problem. Given a recom-
bined trajectory represented by a set of subtask nodes S, and
the set of all prior trajectory DAGs G = {g1, g2, . . . , gM},
we first define the minimum coverage count C:

C = arg min
G′⊆G

|G′| s.t. ∀s ∈ S, ∃g ∈ G′ such that s ∈ Vg

(2)
where Vg is the node set of a graph g ∈ G. Intuitively, C
is the smallest number of prior trajectories required to cover
all nodes in S. The COS is then computed as:

COS(S) =
|S| − C

|S| − 1
, |S| ≥ 2 (3)

While the general set cover problem is NP-hard, the over-
head of computing COS is negligible in our framework, as
synthesized trajectories inherently consist of a small number
of subtask nodes (|S|). A score of COS(S) = 0 indicates
maximum novelty, as each constituent node is drawn from a
distinct trajectory. Conversely, a score of 1 signifies no nov-
elty, meaning all nodes originate from a single trajectory.

Memory Recombination-driven Evolutionary Strategy.
Our strategy employs a novelty-guided greedy search to con-
struct recombined subgraphs. Using the COS metric as a
heuristic, the algorithm incrementally expands a subgraph
from a seed node, prioritizing candidates that maximize nov-
elty while maintaining structural integrity. Subgraphs that
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meet a predefined novelty threshold are retained for the sub-
sequent knowledge abstraction phase. The full algorithm is
detailed in Appendix B.

These subgraphs, which contain contextually related sub-
task nodes drawn from different prior tasks, are then con-
verted into complete trajectories from which the agent
abstracts generalized GUI task guidelines. This pro-
cess continually enriches the agent’s knowledge base,
GuidelinePool, driving its evolution.

3.3 Associative Retrieval via Spreading
Activation

The hippocampal CA3 region forms an autoassociative net-
work that enables the human brain to recall related memo-
ries by progressively activating neurons linked through con-
textual associations. As shown in Figure 2, to emulate this
biological mechanism in CA3-Net, we design an associa-
tive retrieval mechanism based on the Spreading Activation
model (Anderson 1983; Crestani 1997), which incremen-
tally propagates activation across memory nodes via contex-
tual links. This enables the agent to retrieve relevant mem-
ories beyond those directly matched, expanding the recall
scope while preserving contextual relevance.

Initialization Phase. Given a query embedding that en-
codes the current task context, the model first performs a
semantic search across all subtask nodes v ∈ U in the mem-
ory graph. It computes the cosine similarity between the
query and each node’s embedding ev . Nodes whose simi-
larity scores exceed a predefined threshold F form the ini-
tial activation set, denoted as S0. Each node in this set is
assigned an initial activation value equal to its similarity
score. This set serves as both the starting point for activa-
tion spreading and the initial result set R0.

Spreading Activation Phase. Following initialization, the
retrieval proceeds with an iterative spreading activation
phase. At each iteration t, every active node v in the current
source set St propagates a fraction of its activation signal
w

(t)
v to its direct neighbors. This signal is scaled by a de-

cay factor λ ∈ (0, 1], ensuring that activation attenuates as
it spreads further from the original semantic source nodes,
thus emphasizing closer contextual relationships. After each
propagation step, the system evaluates the set of all nodes
that received activation. Any node u whose cumulative acti-
vation w

(t+1)
u meets or exceeds the threshold F and is not al-

ready present in the current result set Rt is considered newly
activated. These nodes form the next source set St+1 and are
used to update the result set via Rt+1 = Rt ∪ St+1. This
process allows activation to dynamically expand across the
graph, uncovering increasingly relevant regions of memory.

The iterative process continues until one of two termi-
nation conditions is met: either the source set for the next
iteration becomes empty (Rt+1 = Rt), indicating that no
new nodes have met the activation threshold and the spread
has naturally converged; or a maximum number of iterations
Tmax is reached, preventing an overly broad or potentially
infinite search. Once terminated, all nodes in the final result
set Rt are ranked according to their cumulative activation

values wv . The top-k most strongly and consistently acti-
vated nodes are selected as the retrieved memory entries.
These entries provide both semantic relevance and contex-
tual alignment, supporting downstream decision-making in
the agent’s planner. A full symbolic specification of this pro-
cess is provided in Appendix C.

4 Experiments
4.1 Experimental Setup
Benchmarks. We evaluate CA3Mem on two public
benchmarks, OSWorld and WebArena, chosen to test a di-
verse range of agent capabilities. OSWorld assesses an
agent’s proficiency in complex GUI tasks within full-
featured desktop operating systems. In contrast, WebArena
focuses on long-horizon challenges, requiring agents to nav-
igate and interact with dynamic, hierarchical web environ-
ments. To ensure comparability with prior work, our evalua-
tion on WebArena is centered on its Reddit domain (Fu et al.
2024; Wang et al. 2024b; Chen et al. 2024).

Baselines. To evaluate its effectiveness and generalizabil-
ity, we integrate CA3Mem with a GPT-4o backbone and
benchmark it against a diverse set of baselines. This com-
parison suite includes not only foundational MLLMs like
GPT-4o and Claude-3 but also a spectrum of mainstream
agentic architectures, which we categorize into three types:
End-to-End Agent Models (e.g., CogAgent (Hong et al.
2024) and AGUVIS (Xu et al. 2025b)), modular Planner-
Grounder Agents (Yang et al. 2024; Cheng et al. 2024; Wu
et al. 2024b), and Agent Frameworks designed for long-term
memory or self-evolution (e.g., ExpeL (Zhao et al. 2023),
Agent Workflow Memory (AWM) (Wang et al. 2024b),
AutoGuide (Fu et al. 2024), Cradle (Tan et al. 2024), and
AgentS (Agashe et al. 2024; Wang et al. 2025) ). For a fair
comparison, all experiments adhere to the original evalua-
tion protocols and a fixed 15-step execution budget, with all
agent frameworks, including our proposed CA3Mem, utiliz-
ing GPT-4o as the backbone MLLM.

4.2 Main Results
Online Performance in GUI Environments. Our empiri-
cal results demonstrate that CA3Mem significantly enhances
the capabilities of GUI agents across diverse task types,
achieving state-of-the-art overall success rates of 23.85% on
OSWorld and 63.2% on WebArena. 1) CA3Mem achieves
the best performance on the comprehensive OSWorld
benchmark, as shown in Table 1. It achieves an overall
success rate of 23.85%, outperforming all baselines across
categories. Compared to the end-to-end agent UI-TARS
(22.70%), CA3Mem exhibits superior performance. Meth-
ods such as UI-TARS and CogAgent rely on pretraining with
large-scale UI interaction datasets; however, the resulting
static knowledge impairs their adaptability to dynamic and
evolving environments. Furthermore, CA3Mem surpasses
AgentS (20.58%), which relies on feedback-driven memory
refinement but lacks structured memory management and
primarily depends on semantic similarity for retrieval.

2) In long-horizon tasks, particularly in the Workflow
domain of OSWorld, which requires coordinating actions
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Category Method OS Office Daily Profess. Workflow Overall

MLLM

GPT-4o 8.33 3.58 6.07 4.08 5.58 5.03
Claude-3 12.50 3.57 5.27 8.16 1.00 4.41
Gemini-Pro-1.5 12.50 3.58 7.83 8.16 1.52 5.10
GPT-4V 16.66 6.99 24.50 18.37 4.64 12.17
Qwen-VL-Max 29.17 3.58 8.36 10.20 2.61 6.87

End-to-End
Agent Model

CogAgent 4.17 0.85 2.71 0.62 0.09 1.32
AGUVIS-72B - - - - - 10.26
UI-TARS-72B-DPO - - - - - 22.70

Planner-
Grounder
Agent

GPT-4o + OS-Atlas-7B 25.00 10.26 23.08 18.37 8.91 14.64
GPT-4o + SeeClick 16.67 5.98 12.81 10.21 7.92 9.21
GPT-4o + Aria-UI 25.00 9.58 25.72 20.41 8.55 15.15

Agent
Framework

CRADLE 16.67 3.58 6.55 20.41 5.48 7.81
Operator - - - - - 19.70
Agent S 45.83 13.00 27.06 36.73 10.53 20.58
CA3Mem 50.00 14.53 30.77 38.78 15.84 23.85

Table 1: Task Success Rates (%) on OSWorld Subdomains under a 15-Step Evaluation.

Method Success Rate
ReAct (Yao et al. 2023) 6.0
Expel (Zhao et al. 2023) 21.8
AutoGuide (Fu et al. 2024) 47.1
AWM (Wang et al. 2024b) 50.9
Step (Sodhi et al. 2024) 59.0

CA3Mem 63.2

Table 2: Task Success Rates (%) on WebArena(Reddit)

across multiple applications, CA3Mem achieves a success
rate of 15.84%, significantly outperforming the next best
framework (10.53%) and nearly tripling the performance
of its GPT-4o backbone (5.58%). 3) CA3Mem also deliv-
ers strong performance in web-based environments, as
demonstrated on the WebArena benchmark, which chal-
lenges agents to handle hierarchical UI structures, conduct
long-horizon navigation, and execute multi-step form inter-
actions. It achieves a success rate of 63.2%, significantly
outperforming the no-memory baseline ReAct (6.0%), as
well as strong baselines such as AWM (50.9%), AutoGu-
ide (47.1%), and Expel (21.8%). Among these, AWM re-
trieves previously successful workflows as exemplars for
reuse, while AutoGuide distills task guides from histori-
cal trajectories by embedding contextual triggers and action
suggestions. Although both methods provide valuable prior
knowledge, they lack the ability to integrate and recombine
information across multiple task trajectories.

Dynamic Knowledge Accumulation and Reuse. To in-
vestigate the agent’s ability to learn from ongoing experi-
ence, we conducted a controlled experiment. We used the
entire OSWorld Daily domain as a fixed, unseen test set.
To simulate an autonomous learning process, we utilized
GPT-4o to synthetically generate a series of task instructions
based on the applications found in the Daily domain. The
agent was sequentially exposed to four stages of this learn-
ing process, with each stage comprising 50 of these synthetic

Figure 5: Success rate and memory growth curves with re-
spect to the number of performed tasks on the OSWorld
Daily domain.

tasks. After each stage, the agent’s memory was frozen, and
its performance was evaluated on the real Daily domain
tasks to assess its current capabilities. The results, presented
in Figure 5, show that CA3Mem successfully learns from its
prior experiences and effectively transfers this knowledge
to subsequent, unseen tasks. As the agent processes more
tasks, its success rate on the real Daily test set improves dra-
matically, rising from an initial 6.41% to 30.07% after four
stages. Crucially, this substantial performance gain directly
correlates with the number of memory nodes accumulated.
These findings indicate that our framework enables a vir-
tuous cycle of improvement, effectively turning raw experi-
ence into enhanced capabilities for novel tasks and thereby
demonstrating a strong potential for lifelong learning.

Knowledge Recombination and Evolution. Beyond ex-
ecuting predefined procedures, CA3Mem constructs novel
task solutions by recombining subtasks stored in memory.
Figure 4 presents a concrete example where a new task,
backing up email data in Thunderbird, is generated by in-
tegrating subtask segments from three distinct trajectories:
terminating an application process (from a Docker config-
uration task), revealing hidden files (from an SSH setup
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Figure 6: Task success rates (%) on OSWorld for backbone
models, before and after applying CA3Mem.

task), and copying data to a OneDrive directory (from an
OBS backup task). Through this recombination process,
CA3Mem forms a coherent plan guided by the structural
constraints of the CA3-Net, ensuring the recombined ac-
tions remain both contextually appropriate and executable.
This example highlights CA3Mem’s capability to tran-
scend rote imitation by leveraging past experiences to syn-
thesize new and functionally valid behaviors.

4.3 In-Depth Analysis
Impact of Memory Recombination on Compositional
Generalization. To analyze how memory recombination
supports generalization across task variations, we conduct
ablation studies by disabling the recombination module. As
shown in Figure 7, removing recombination (w/o Recom-
bine) results in a substantial drop in success rate across all
OSWorld domains, with the overall performance decreasing
from 23.85% to 16.80%. The degradation is especially pro-
nounced in scenarios that require assembling skills from dif-
ferent sources. For example, in the Workflow domain, where
tasks span multiple applications and reusable trajectories are
rare, the success rate drops from 15.84% to 8.91%. Simi-
larly, in the Office domain, performance falls from 14.53%
to 8.55%. These results suggest that CA3Mem’s recombi-
nation module is crucial for solving tasks where direct
reuse of full trajectories is insufficient. By recombining
subtasks across trajectories, the agent generalizes to novel
instructions beyond those seen during memory construction.

Impact of Associative Retrieval on Experience Reuse.
We also evaluate the role of the spreading activation (SA)
mechanism in retrieving contextually appropriate subtasks.
In the ablated variant (w/o SA), CA3Mem uses a flat seman-
tic similarity metric to retrieve subgoals, ignoring the rela-
tional structure in CA3-Net. This leads to a sharp drop in
overall performance, with the success rate falling to 14.91%.
The impact is especially pronounced in domains that re-
quire strong contextual matching capabilities. In the Daily
domain, performance drops from 30.77% to 16.67%. Many
tasks in this domain involve common applications such as
Chrome and email clients, where instructions often share
high semantic similarity. This dense overlap introduces re-
trieval noise that disrupts the agent’s decision-making pro-
cess (Zhang et al. 2025). In the Workflow domain, the suc-

Figure 7: The success rate of CA3Mem ablation experiments
on OSWorld.

cess rate similarly declines from 15.84% to 7.92%. Work-
flow tasks often require coordinating knowledge across mul-
tiple applications. Similar to the example in Figure 2, these
tasks frequently involve knowledge that is semantically dis-
tant from the instruction, making accurate retrieval more
challenging.

Generalizability Across Models and Environments.
CA3Mem demonstrates strong generalizability across both
diverse UI environments and underlying model backbones.
It delivers consistently high performance in desktop-based
OSWorld tasks as well as in the more complex web-based
interactions of WebArena. Furthermore, Figure 6 illustrates
the model-agnostic nature of CA3Mem. The framework
yields substantial performance lifts when applied to a vari-
ety of models, including GPT-4o, Claude-3, and Qwen2.5-
VL (Bai et al. 2025): It elevates the success rate of Claude-
3 on OSWorld from 4.41% to 18.43% and Qwen2.5-VL
from 8.80% to 20.05%. This characteristic validates that
CA3Mem provides a fundamental architectural enhance-
ment, highlighting its broad applicability and potential for
widespread adoption.

5 Conclusion
In this paper, we addressed a critical limitation of existing
GVAs: their inability to evolve beyond pre-observed expe-
riences due to memory systems that are fragmented and re-
liant on brittle semantic retrieval. We introduced CA3Mem,
a long-term memory framework inspired by the human hip-
pocampus, that enables genuine agent evolution through two
synergistic mechanisms: memory recombination for syn-
thesizing novel, executable solutions from disparate expe-
riences, and associative retrieval for accessing comprehen-
sive, context-aware knowledge. Our extensive experiments
demonstrate that CA3Mem significantly improves task suc-
cess rates on the OSWorld and WebArena benchmarks,
showing marked advantages in continuous adaptation. By
transforming memory from a static repository into a gen-
erative and dynamic knowledge source, CA3Mem provides
a new paradigm for creating more adaptive, resourceful, and
continually evolving virtual agents.
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