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ABSTRACT
We introduce LEGOMem, amodular proceduralmemory framework
for multi-agent LLM systems in workflow automation. LEGOMem
distills successful executions into reusable full-task and subtask
memories and allocates them to orchestrators and task agents to
improve planning and execution. Across three retrieval variants,
experiments on OfficeBench show consistent gains of 12–13 abso-
lute points over memory-less and baseline methods, highlighting
the importance of procedural memory for workflow automation.
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1 INTRODUCTION
LLMs are increasingly deployed as agents to automate complex
multi-step workflows [1, 2, 4, 9, 11–13, 15–18, 21, 22, 24]. To man-
age the diversity and compositionality of such tasks, recent systems
often adopt multi-agent [14, 19] designs, where multiple LLM-based
agents collaborate, specialize, or delegate responsibilities across
roles and tools [3, 5, 7, 20, 23]. We introduce LEGOMem, a modu-
lar procedural memory framework designed for multi-agent LLM
systems. In this work, we focus on a common and practical sub-
class of multi-agent architectures, where a central orchestrator
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Figure 1: Overview of the LEGOMem framework

performs planning and delegates subtasks to specialized tool-using
task agents, as exemplified by the Magentic-One framework [7, 20].
Our goal is to equip both orchestrators and task agents with mem-
ory grounded in prior task trajectories, enabling them to perform
better planning, coordination, and task executions. To this end, we
design LEGOMem to distill successful executions into structured
memory units: full-task memories (task-level plans and reasoning
traces) and subtask memories (agent behavior and tool interactions).
These modular memories are stored in a memory bank, indexed
by semantic embeddings, and reused at inference time to augment
planning and execution. LEGOMem is instantiated as a retrieval
augmentation (RAG) [6, 8, 10] layer over existing multi-agent sys-
tems. During a new task, the orchestrator receives relevant full-
task memories to support task decomposition and agent selection,
while each task agent is assigned subtask memories aligned with
its delegated subtasks. We explore three memory retrieval strate-
gies—vanilla, (where we retrieve task-level memories and allocate
subtask memories to relevant agents), dynamic retrieval, (where
we store also subtask memories and use subtask queries to find se-
mantically similar subtask memory for agents) and query rewriting,
(where we use an LLM to expand a task query into subtask plans
for subtask memory retrieval)—to study how retrieval and mem-
ory specificity affect multi-agent performance. This framework
allows us to systematically investigate key questions in multi-agent
memory design, including where memory should be placed, how it
should be retrieved, and which agents benefit most from it.
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Table 1: Performance comparison across memory variants, task levels, and multi-agent teams. Results show mean success rates
across different LEGOMem variants compared with baseline methods, each data-point is averaged over three random seeds.

LLM team Hybrid (LLM + SLM) team SLM team
Level 1 Level 2 Level 3 Overall Level 1 Level 2 Level 3 Overall Level 1 Level 2 Level 3 Overall

Baseline methods
No memory 49.31 58.52 33.33 45.83 45.14 48.89 16.95 35.31 36.81 34.81 7.34 24.78
Synapse 59.72 75.56 43.50 58.11 46.53 68.15 29.94 46.49 36.81 42.22 20.90 32.24
AWM 54.17 58.52 35.03 48.03 43.75 55.56 18.64 37.50 35.42 36.30 12.99 26.97
Our methods
LEGOMem 57.99 73.33 47.46 58.44 49.31 62.22 36.16 48.03 38.89 54.07 25.42 38.16
LEGOMem-Dynamic 56.25 75.56 43.79 57.12 44.44 65.93 36.16 47.59 38.89 50.37 27.12 37.72
LEGOMem-QueryRewrite 54.17 72.59 42.94 55.26 47.22 66.67 40.11 50.22 36.81 48.89 26.55 36.40

Table 2: Comparing performance with various memory placement mechanism across LEGOMem variants.

LLM variants Hybrid (LLM + SLM) variants
Level 1 Level 2 Level 3 Overall Level 1 Level 2 Level 3 Overall

Orchestrator + Agent memory
LEGOMem 57.99 73.33 47.46 58.44 49.31 62.22 36.16 48.03
LEGOMem-Dynamic 56.25 75.56 43.79 57.12 44.44 65.93 36.16 47.59
LEGOMem-QueryRewrite 54.17 72.59 42.94 55.26 47.22 66.67 40.11 50.22
Orchestrator memory (planning) + Agent memory
LEGOMem 54.86 76.30 35.03 53.51 45.14 63.70 30.51 44.96
LEGOMem-Dynamic 54.86 73.33 41.81 55.26 46.53 64.44 32.77 46.49
LEGOMem-QueryRewrite 51.39 70.37 42.94 53.73 49.31 59.26 35.59 46.93
Orchestrator memory
LEGOMem 51.39 74.07 38.98 53.29 45.83 68.89 32.77 47.59
Task Agent memory
LEGOMem 50.00 63.70 38.98 49.78 44.44 46.67 19.21 35.31
LEGOMem-Dynamic 49.31 62.96 38.98 49.34 47.22 55.56 23.16 40.35
LEGOMem-QueryRewrite 54.86 66.67 35.03 50.66 44.44 54.81 24.29 39.69
No memory
No memory 49.31 58.52 33.33 45.83 45.14 48.89 16.95 35.31

2 EXPERIMENTS
We evaluate LEGOMem on the OfficeBench benchmark, comparing
its variants with strong baselines across LLM-only, hybrid, and
SLM-only multi-agent teams. Table 1 compares the performance of
LEGOMem with baseline methods across different task levels and
agentic team configurations. LEGOMem variants consistently out-
perform baseline methods in terms of overall success rate. All three
LEGOMem variants show similar, consistent performance. Com-
pared with memory-less teams, LEGOMem improves overall task
success rate by +12.61%, +12.72%, and +13.38% absolute points on
LLM, Hybrid and SLM teams, respectively. Importantly, LEGOMem
enables smaller models to close the gap with, and sometimes outper-
form, larger ones. For example, the Hybrid team with LEGOMem-
QueryRewrite achieves 50.22%, surpassing the memory-less LLM
team (45.83%). Table 2 summarizes our ablation results across dif-
ferent memory retrieval variants, memory allocation strategies,
and memory placement settings. Across retrieval variants, vanilla
LEGOMem, LEGOMem-Dynamic, and QueryRewrite achieve sim-
ilar overall performance, indicating that memory placement and

allocation matter more than retrieval strategy in full-memory set-
tings. However, in task-agent-only configurations—especially for
Hybrid teams with smaller task agents—fine-grained subtask re-
trieval (LEGOMem-Dynamic, LEGOMem-QueryRewrite) outper-
forms vanilla LEGOMem by 4–5%, highlighting its benefit when
global planning signals are weaker. Ablations further show that
joint allocation of memory to both orchestrator and task agents
yields the best results: orchestrator memory is essential for effective
planning and delegation, while agent memory improves execution
precision. Task-agent-only memory, although better than no mem-
ory, remains insufficient without orchestrator-level coordination.

3 CONCLUSION
We introduced LEGOMem, a modular procedural memory frame-
work that enables multi-agent LLM systems to reuse prior task
executions through role-aware full-task and subtask memories for
reliable multi-agent workflow automation. Experiments on work-
flow automation tasks show that LEGOMem consistently improves
success rates over memory-less and baseline method.
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