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Abstract

Large Language Models often struggle with
complex, multi-step operational tasks because
they remain static during inference and cannot
learn from past experience. To address this,
we propose MUSE, a framework that enables
iterative self-improvement through a hierarchi-
cal Memory Module. MUSE organizes cross-
domain insights to facilitate the orchestration
of long-horizon workflows. The core of our
approach is an autonomous post-execution cri-
tique mechanism: after completing each sub-
task, the system analyzes its operational logs
and distills raw execution data into structured,
reusable knowledge. This allows the agent
to evolve dynamically rather than relying on
fixed parameters. Evaluated on the rigorous
TAC productivity benchmark, MUSE achieves
new state-of-the-art results, significantly out-
performing previous methods using only the
streamlined Gemini-2.5 Flash model. Our anal-
ysis demonstrates that MUSE’s performance
scales with the accumulation of insights and ex-
hibits strong cross-task transferability, marking
a key step toward autonomous systems capa-
ble of lifelong learning in professional envi-
ronments. Demo videos can be found in our
supplementary materials.

1 Introduction

In recent years, Large Language Models
(LLMs) (Team et al., 2023; Yang et al., 2025; Liu
et al., 2024; Dubey et al., 2024; Anthropic, 2025;
OpenAl, 2025) have developed rapidly, demon-
strating powerful capabilities across multiple
domains. However, significant challenges remain
when deploying these models as the core of Al
agents designed to handle real-world tasks. While
existing agents have achieved remarkable progress
on standardized benchmarks such as question
answering (Rein et al., 2024), mathematical rea-
soning (Lu et al., 2023; Mathematical Association
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Figure 1: Test-time learning and evolution of MUSE
agents on long-horizon productivity tasks. The agent
explores cross-application environments to enrich its
memory and achieve continuous self-improvement.

of America, 2025), and code generation (Chen
et al., 2021), these evaluations are limited to
measuring domain-specific abilities. To assess the
general-purpose capabilities, researchers design
benchmarks in interactive environments such as
OSWorld (Xie et al., 2024) and WebArena (Zhou
et al., 2023). Yet, these environments still fall
short, typically evaluating isolated functionalities
within a single platform through short-horizon
tasks of roughly 20 steps. In contrast, real-world
Productivity Tasks represent a higher order of
complexity. These tasks are characterized by
long-horizon planning and interaction—potentially
exceeding a hundred steps—and require agents to
fluidly switch across multiple diverse applications.
Such complexity demands advanced agent capabil-
ities in long-term planning, robust interaction, and
seamless cross-application tool integration.
Furthermore, most existing agents are test-time
static. Although methods based on Reinforcement
Learning (RL) can accumulate knowledge through
parameter updates, they typically suffer from low
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sample efficiency and are restricted to training-time
optimization. In the context of deploying frozen
or closed-source LLMs, where tuning is infeasi-
ble, capabilities are fixed once training ends. As
a result, each task execution acts like an amne-
siac process, unable to learn from past experiences
and lacking capacity for continuous self-evolution.
Neither successes nor failures can be consolidated
into effective knowledge to guide future actions.
Consequently, even if an agent has completed a
task before, stable replication is not guaranteed.
When faced with repetitive tasks, it cannot improve
efficiency through practice as humans do. This
“one-off” interaction model severely limits agent
performance in complex environments, making ef-
ficient test-time learning difficult and revealing a
core deficit in the ability to learn on the job without
explicit weight updates.

To address persistent challenges in dynamic
planning, experience accumulation, and contin-
uous learning for existing agents, we propose a
novel agent framework MUSE, which stands for
Memory-Utilizing and Self-Evolving. As illus-
trated in Figure 1, MUSE is an experience-driven,
closed-loop system centered around a Memory
Module. This module hierarchically organizes di-
verse levels of knowledge, including procedural
knowledge, strategic patterns, and tool-use guid-
ance. Operating within a cross-application interac-
tive environment, the agent leverages accumulated
experience to plan and explore solutions for long-
horizon productivity tasks. After each sub-task, the
agent reflects on its execution trajectory and distills
reusable experience back into the Memory Module.
By converting raw action sequences into structured
knowledge, MUSE enhances the applicability of ex-
perience and reduces redundant exploration. This
mechanism effectively extends the agent’s compe-
tence beyond its static pretrained parameters, fos-
tering a dynamically evolving system with supe-
rior robustness and adaptability. Crucially, since
the memory is stored in natural language, the ac-
cumulated knowledge is LLM-agnostic, allowing
experience gained by one model to be seamlessly
transferred and utilized by another.

We evaluate our framework on TheAgentCom-
pany (TAC) (Xu et al., 2024), a benchmark de-
signed for long-horizon productivity tasks. Our
experiments demonstrate that as the agent au-
tonomously continuously accumulates experience
within the working environment, it exhibits increas-
ingly superior task completion capabilities and its

capacity for continuous learning and self-evolution.
Furthermore, our MUSE achieves new SOTA per-
formance by a significant margin, using only a
lightweight Gemini-2.5 Flash model. Our contribu-
tions are threefold:

* We present the MUSE framework, featuring an
experience-driven closed-loop architecture. It
empowers agents to dynamically accumulate
experiences through interaction with working
environments, enabling them to evolve beyond
LLM’s static pretrained parameters.

* MUSE autonomously converts raw action trajec-
tories into structured, reusable memory without
human intervention, aiming to reduce redundant
exploration and steadily improve agent perfor-
mance. Its natural language format enables seam-
less knowledge transfer across different LLMs.

* We establish a new SOTA on the long-horizon
productivity task benchmark TAC with a score of
51.78%, achieving a 20% relative leap over the
previous SOTA. Extended experiments demon-
strate the effectiveness of our framework’s con-
tinuous learning and self-evolution capabilities.

2 Methodology

2.1 Framework Overview

In this section, we introduce MUSE, a novel agent
framework designed for Productivity Tasks Tyoq
without finetuning LL.Ms. To enable this test-time
learning paradigm, MUSE continuously interacts
with a comprehensive environment £ that com-
prises multiple software and platforms, such as
chat application, code editors, and web browsers.
Within this environment, the agent executes ac-
tions a; via a predefined basic toolset A;,.;. The
architecture of MUSE includes three core compo-
nents designed to support this interactive learning
loop: a Memory Module M (Sec. 2.2), a Planning-
Execution (PE) Agent (Sec. 2.3), and a Reflect
Agent (Sec. 2.4). The Memory Module is further
decomposed into three functionally distinct com-
ponents: Strategic Memory M 4pq:, Procedural
Memory M ¢, and Tool Memory M ..

As illustrated in Figure 2, the operational mecha-
nism of our framework is a “Plan-Execute-Reflect-
Memorize” iterative loop. The system begins by
initializing and loading the Memory Module (M).
When a new task (7 € Tpq) is received, the pro-
cess unfolds as follows. 1) Plan and Execute: The
PE Agent initiates the process by performing a pre-
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liminary analysis of the task, decomposing it into
an ordered queue of sub-tasks. For each sub-task,
the PE Agent first queries the Procedural Memory
to retrieve guidance from relevant prior knowledge.
It then executes a sequence of actions in the inter-
active environment £ using a deliberately minimal
toolset. Each fundamental interaction step involves
the agent receiving an observation o; and, based on
its history hy = (01.,a1.4—1), selecting an action
via its policy a; ~ mest(ar | he). This design com-
pels the agent to learn how to compose primitive
tool actions into complex workflows required to ac-
complish the sub-tasks. The execution phase for a
given sub-task concludes once the PE Agent deems
its attempt complete. 2) Reflect and Memorize:
After each sub-task attempt, the Reflect Agent con-
ducts an autonomous assessment based on its en-
vironmental observations and the PE Agent’s sub-
task execution trajectory hy.; = (Ok.¢, Gk:t—1), T€-
quiring no human intervention. If the sub-task is
successful, the Reflect Agent distills the trajectory
into new Procedural Memory. Otherwise, it gen-
erates a diagnostic analysis of the failure and in-
structs the PE Agent to replan and re-execute. The
PE Agent adaptively refreshes its overall task plan
after each assessment, continuing this core loop un-
til the entire task is complete. 3) Post-Task Distill:
Upon completing the overall task, a comprehensive
task analysis is conducted on the full execution
trajectory. From this analysis, the Reflect Agent
distills higher-level Strategic and Tool Memories,
capturing broader insights and effective guidelines.
Ultimately, all memory types—Procedural, Strate-
gic, and Tool—are uniformly maintained within
M, ensuring the effective retention and future ap-
plicability of all acquired knowledge.

2.2 Memory Module

The Memory Module M is the key component
enabling our MUSE to learn on the job. Given
the high expense of fine-tuning and our goal of
maximizing the utility of closed-source LLMs, we
refrain from fine-tuning the base LLM to main-
tain its native generalization capacity. Rather, we
incrementally build up M, allowing the agent’s
performance R(t) to improve over repeated trials
on tasks 7 € Tproq. This module is a composite
memory M = {Mstrat7 Mproc; Mtool} compris-
ing three distinct memory types, each optimized
for a specific level of abstraction: Strategic Mem-
ory Mgirq: for macro-level behavioral paradigms,
Procedural Memory M., for combinations of

tool sequences, and Tool Memory M, for indi-
vidual tool use. Each memory type operates with
distinct mechanisms for its generation, updating,
and application.

Strategic Memory (Mg,,.,.) focuses on dis-
tilling lessons from dilemmas an agent encoun-
ters during task execution and their solutions,
particularly from challenges that require multi-
ple attempts to overcome. The Reflect Agent
abstracts these ‘“problem-solution” experiences
into high-level guidance and formats them as <
Dilemma, Strategy > key-value pairs. Upon agent
initialization, the entire M g4+ is loaded into the
system prompt to guide its global task execution
strategy. To ensure efficiency and prevent context
window bloat, this memory is updated, merged,
and refined after each task, always maintaining a
concise size. For specific examples, refer to Table 6
in the appendix.

Procedural Memory (M) archives the PE
Agent’s successful sub-task trajectories as a hier-
archical knowledge base of Standard Operating
Procedures (SOPs). This library is indexed first by
application (e.g., related platforms or APIs), fol-
lowed by a second-level SOP index that documents
the key analyses, precaution, core parameters, and
operational steps for each sub-task. To balance ef-
ficiency and performance, the system employs a
lightweight, proactive retrieval mechanism. Only
the SOP index is loaded at startup to minimize
overhead. When facing uncertainty, the agent uti-
lizes a built-in tool to proactively query detailed
SOPs for decision support, which closely mimics
how human experts consult past cases. The mem-
ory system is refined through a two-stage process.
First, immediately following a successful sub-task,
the Reflect Agent dynamically adds the new SOP
Drew t0 Mpro for immediate reuse. Second, after
the entire task is complete, the agent performs a
higher-level, global refinement (e.g., deduplication,
generalization) to continuously optimize the long-
term quality and applicability of the knowledge
base. See Table 7 in the appendix for examples.

Tool Memory (M,,;) functions as the agent’s
“muscle memory” for single tool usage, operat-
ing automatically without requiring proactive re-
trieval. This memory consists of two components,
Mtool = {Dstatia Idynamic}: A Static Descrip—
tion Dgiqtic, loaded into the system prompt at
startup to explain each tool’s core functionality,
and a Dynamic Instruction Igy,qmic, Which is re-
turned with the environment’s observation o; after
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Figure 2: The MUSE framework adopts a “Plan-Execute-Reflect-Memorize” loop. The Planning-Execution(PE)
Agent decomposes task and performs actions within an interactive environment, while the Reflect Agent abstracts
successful attempts into Procedural Memory. After the task is completed, the Reflection Agent further synthesizes

this knowledge into the Strategic and Tool Memory.

a tool is used. This instruction guides the agent’s
immediate next action a4 1, such as suggesting a
subsequent tool to invoke or an analysis to perform.
To ensure this “muscle memory” improves over
time, the Tool Memory is updated by the Reflect
Agent after each task is completed. See Table 8 in
the appendix for specific examples.

2.3 Planning-Execution Agent

Productivity tasks often require dozens of actions
across multiple applications. To manage this com-
plexity, the PE Agent first decomposes the main
task 7 into an ordered queue of sub-tasks () =
[st1, sta, ..., star] based on the initial task descrip-
tion. The agent then systematically works through
this queue, attempting to resolve each sub-task
st; via an iterative ReAct (Yao et al., 2023) pro-
cess. Crucially, after each sub-task execution, the
agent re-evaluates and updates the sub-task queue
@ based on newly acquired information, ensuring
an adaptive path to task completion.

Sub-task Plan and Replan. Both initial plan-
ning and subsequent replanning follow a unified,
multi-turn process that generates an ordered sub-
task queue (). Each sub-task st; € @ is defined
by a tuple st; = (desc;, goal,), where desc; out-
lines its scope and goal; serves as the evaluation
basis for the Reflect Agent. The primary distinc-

tion between the two phases lies in their inputs.
The initial plan Q;,; is derived solely from the
user’s original task description. In contrast, replan-
ning is a dynamic process that occurs after each
sub-task is attempted. It integrates the execution
results and the Reflect Agent’s assessment to con-
tinuously refine the current plan. When @) is empty,
the PE Agent performs a final review, examining
the global state of the environment to confirm that
the overall task objectives have been met. By itera-
tively maintaining and updating , MUSE ensures
the stable and coherent execution of long-horizon
tasks and prevents error accumulation.

Sub-task Execute and Retry. The PE Agent pro-
cesses sub-tasks st; sequentially from the queue
Q, attempting to resolve each one using a memory-
enhanced ReAct loop. The core of this loop is the it-
eration of a (6, a;, o) tuple, representing Thought,
Action, and Observation: the agent first generates
a thought to plan an action a;—such as entering
text, clicking a button, or querying its Procedural
Memory M,,.,.—then executes the action and re-
ceives an observation o; as feedback. This cycle
continues until the agent concludes that the sub-
task’s goal has been met. To prevent the agent
from getting stuck in futile loops, a maximum of
N actions is imposed on each sub-task attempt. If
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this limit is reached, the Reflect Agent intervenes
to evaluate and grant one retry opportunity. This
retry mechanism is explicitly designed to encour-
age exploration over exploitation. During the retry,
the PE Agent is no longer required to use Procedu-
ral Memory M., enabling it to discover novel
methods when existing knowledge is erroneous or
inapplicable. If this second attempt also fails, the
PE Agent triggers a sub-task replanning process.

Minimal Usable Toolset. In contrast to many
general agent studies (Qin et al., 2023; Patil et al.,
2024) that aim to integrate a massive number of
APIs, we equip MUSE not with specialized tools
for specific applications (like PDF or Excel), but
with a minimal toolset A;,,; of fundamental yet
powerful general-purpose tools. This toolset in-
cludes browser interaction, a code interpreter, a
Shell, a vision extractor, and a memory retriever.
We believe that the core of intelligence lies in the
ability to creatively combine basic tools, rather
than mechanically invoking pre-defined functions.
Furthermore, a key objective of this research is
to validate whether MUSE can convert success-
ful solutions into reusable Procedural Memory,
thereby achieving the self-evolution of its capa-
bilities. A full list of our toolset are illustrated in
Appendix A.5 and Table 9.

Procedural Memory Retrieval. To achieve low-
cost experience reuse while respecting the LLM’s
context length limit, the experience retrieval mecha-
nism separates the memory index from the detailed
content. An SOP p € M, is thus structured as
a pair p = (index,, content,). At the start of a
sub-task, only a lightweight index of all available
SOPs, Ipm,,,. = {indexy | p € Mproc}, is loaded
into the context. The PE Agent can then, at any
point during execution, use a dedicated tool aem,
to retrieve the full content,, of a specific SOP on
demand. To maximize the value of this feature, we
use prompt engineering to encourage the agent to
prioritize querying for relevant experience at the
beginning of each sub-task.

2.4 Reflect Agent

During execution, the PE Agent can encounter hal-
lucinations (e.g., erroneously believing a task is
complete) and failures. To address this, the Reflect
Agent acts as an independent, third-party super-
visor. For its analysis, it receives the sub-task’s
definition st; = (desc;, goal,), along with the PE
Agent’s sub-task execution trajectory hy.;. Notably,

it can also interact directly with the environment £
to independently verify information.

Sub-task Evaluation. The Reflect Agent’s eval-
uation process is triggered whenever the PE Agent
completes a sub-task or reaches its action limit
N. It starts by formulating an ordered checklist
based on 3 dimensions: 1) Truthfulness Verifica-
tion: Ensure conclusions are grounded in real en-
vironmental feedback to suppress hallucinations.
2) Deliverable Verification: Check the existence,
completeness, and correctness of all output files or
reports. 3) Data Fidelity: Confirm that data has not
been lost, truncated, or altered during processing.

To execute this checklist, the Reflect Agent,
which is equipped with the same toolset Ay as
the PE Agent, utilizes two primary inspection meth-
ods. The first is trajectory referencing, which ex-
plicitly traces the PE Agent’s conclusions back to
specific observations o in the execution history
hi.t. The second is active verification, which in-
volves proactively using tools to interact with the
environment £ and cross-check key information
with real-time feedback.

Upon completing its checks, the Reflect Agent
outputs a success/failure flag f and a detailed check
report. This tuple is fed back to the PE Agent as
a historical record. Based on the outcome, the
Reflect Agent performs a critical operation: if
f = success, it summarizes the effective opera-
tional sequence from hy.; into a new SOP py,¢,, for
the Procedural Memory M,,..; if f = failure,
it generates a failure cause analysis report ;.
Finally, based on this complete evaluation, the PE
Agent initiates the necessary replanning.

Memory Update Mechanism. The entire task 7
is considered complete once the PE Agent stops
generating new subtasks in the replanning phase.
The PE Agent then launches a task review, summa-
rizing its execution attempts and outcomes. This
triggers the Reflect Agent to conduct a full-scale
upgrade of the memory system M. It begins by
analyzing task challenges and solutions to extract
< Dilemma, Resolution Pattern > pairs, thereby
reinforcing Strategic Memory M g,q¢, While also
codifying effective tool usage to augment Tool
Memory M. Then, all three types of memory
undergo a thorough refinement and integration pro-
cess, aiming to integrate new and old knowledge,
eliminate redundancy, and generalize common pat-
terns within M.
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3 Experiments

3.1 Benchmark

Our experimental evaluation utilizes TheAgent-
Company (TAC) benchmark (Xu et al., 2024).
Comprising 175 tasks, this benchmark is designed
to assess the comprehensive capabilities of au-
tonomous language agents by simulating a high-
fidelity corporate environment. The tasks are struc-
tured around 6 core employee positions (e.g., HR,
PM, SDE), requiring the agent to execute intercon-
nected operations using a suite of applications such
as chat clients, cloud storage, and project manage-
ment software, all within a fully functional operat-
ing system. A core feature of TAC is the high com-
plexity and long-horizon nature of its tasks. On av-
erage, completing a task requires ~40 action steps,
frequently spanning two or more applications. This
demands that an agent decompose high-level ob-
jectives into a coherent, protracted sequence of
steps and integrate information across platforms.
Therefore, TAC provides a rigorous platform for
evaluating an agent’s real-world problem-solving,
multi-step planning, and long-horizon reasoning
capabilities, making it highly suitable for our re-
search focus on long-horizon productivity tasks.

3.2 Experimental Setup

In our experimental configuration, the PE Agent
and Reflect Agent employ the Gemini-2.5 Flash
model (Comanici et al., 2025), while NPCs in the
TAC environment are powered by GPT-40 model.
The maximum number of actions for each sub-task
is set to N = 20. For evaluation, we rely on the
official protocol provided by the TAC benchmark.
This evaluation protocol not only assesses the final
completion status of a task but also defines a se-
ries of critical intermediate checkpoints to measure
partial progress. The primary metric is the partial
completion score (Spqrtiar), Which is calculated as:
Spartiat = 0.5-Completed_ckpt/Total_ckpt+0.5-
Stuir, where Sg,; € {0,1} is a binary indicator
of whether the task was fully completed. Our fi-
nal performance metric is computed as the average
partial completion score across all evaluated tasks.
Additionally, we calculate an aggregate checkpoint
score, Scpt, Which represents the proportion of
completed checkpoints relative to the total check-
points across all tasks.

80

~@— Scipt (%)
Sckpt (%) (No Memory)
AVG. Spartial (%) 73.18
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Figure 3: Performance trends across iterations of MUSE.
The figure shows Scy,: (blue) and average Spartiar (O1-
ange). Dashed lines are the baseline without memory,
solid lines track improvements across iterations.

3.3 Experimental Results

3.3.1 Continuous Learning Experiments

To validate the continual learning capability of our
MUSE framework, we curated a subset of 18 tasks
from TAC benchmark, which we denote as 7.
This subset was sampled to ensure coverage across
all six professional roles. Our experimental de-
sign simulates how humans accumulate experience,
with the primary objective of testing whether the
agent can progressively improve its performance on
repetitive tasks by continuously updating its mem-
ory. For comparison, we first establish a baseline by
evaluating the Gemini-2.5 Flash model on 7. with-
out our Memory Module. The main experiment
then consists of three sequential iterations with no
human intervention, where in each iteration, the
agent tackles all 18 tasks in order, carrying its ac-
cumulated knowledge forward to the next. To miti-
gate randomness, we conduct five complete runs of
this experiment and report the average scores. The
detailed tasks in 7; are elaborated in Appendix A.2
and Table 5.

As illustrated in Figure 3, the results clearly
show that both the S¢p¢ and Spqrtiqr metrics grew
steadily and monotonically across the three itera-
tions, a direct manifestation of our framework’s
self-evolving capability. Most critically, in the final
round, MUSE outperformed the memory-less base-
line by over 10%, confirming the effective transla-
tion of self-accumulated knowledge into substan-
tial performance gains. We attribute this advan-
tage to the accumulated experience, which enables
the agent to avoid previously failed exploration
paths and thus focus more directly on effective so-
lutions. This approach not only improves efficiency
by streamlining the LLM’s context but also enables
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Framework Model checkpoint  Scipt (%) T Avg. Spartiar (%) T
Openhands-versa (Soni et al., 2025)  claude-4 sonnet 3/59 5.08 2.00
Openhands (Wang et al., 2024a) gemini-2.5 pro 5/59 8.47 3.00
MUSE w/o mem gemini-2.5 flash 18759 30.51 23.65
MUSE w/ mem gemini-2.5 flash 24/59 40.68 33.41

Table 1: Performance comparison on the hard-task set. The agent with memory shows significant improvement.

Framework Model

checkpoint Scipt (%) T Avg. Spartiai (%) T PCR(%)T

OWL-RolePlay (Hu et al., 2025)  gpt-40 + 03-mini 127 /776 16.37 11.04 4.00
gemini-1.5 pro 90 /776 11.60 8.02 343

Openhands (Wang et al., 2024a) gemini-2.0 flash  195/776 25.13 18.96 11.43
gemini-2.5pro  361/776  46.52 39.28 30.29

. claude-3.7 sonnet 353/776  45.49 40.18 30.86

Openhands-Versa (Soni et al., 2025) 1.y de 4 sonnet 392/776 5052 43.19 33.14
MUSE (ours) gemini-2.5 flash  465/776 59.92 51.78 41.14

Table 2: Performance comparison across frameworks and models on the TAC full 175-task benchmark. PCR
(Perfect Completion Rate) indicates the proportion of tasks that are fully solved.

the agent to achieve an unprecedented depth of
exploration.

3.3.2

To further evaluate the generalization capability
of our memory mechanism, we curate a challeng-
ing subset from the TAC benchmark, denoted as
Tharq- This subset comprises 12 tasks on which
even strong models like Claude-4 Sonnet achieve
little to no score. The purpose of this experiment is
to test our agent’s zero-shot generalization ability
when facing entirely new and highly difficult tasks.
Specifically, we compare a baseline agent operat-
ing without memory against our agent equipped
with the fixed Memory Module, which is accumu-
lated over three iterations of continual learning on
the 7, set. Both agents are evaluated on this pre-
viously unseen 7,4 task set. By comparing their
performance differences, we can easily determine
whether the memory mechanism can effectively
transfer historical experience to unknown scenarios.
Detailed Tj,-q are elaborated in Appendix A.2.
As shown in Table 1, current SOTA agents, such
as the Openhands framework (Wang et al., 2024a)
using powerful closed-source models like Gemini-
2.5 Pro (Comanici et al., 2025) and Claude-4 Son-
net (Anthropic, 2025), struggle significantly on
Thard- In general, they complete fewer than 10%
of the checkpoints and achieve an Sy,q;¢iq of only
2% or 3%. In contrast, our MUSE, using only the
lighter Gemini-2.5 Flash model, reaches an Sy,q;tiq1
of 23.65% even without relying on memory, which
demonstrates the effectiveness of the synergy be-
tween our PE and Reflect Agents. When equipped
with its pre-learned memory, our agent’s perfor-

Generalization Experiments

mance further improves to a remarkable Sy, ¢ial
of 33.41%. This result provides strong evidence
for the zero-shot generalization capability of the
knowledge acquired through our framework, indi-
cating that MUSE learns transferable and general-
izable memory, rather than merely remembering
task-specific solutions.

3.3.3 TAC Full Benchmark

To conduct a fair and comprehensive comparison
against other leading agent methods, we evaluated
our framework on the complete TAC benchmark,
which includes all 175 tasks. For this experiment,
the agent was equipped with the Memory Module
accumulated after three iterations on the 7,; subset,
and this memory was kept frozen throughout the
evaluation.

As shown in Table 2, MUSE achieves new SOTA
performance on the TAC benchmark. Notably, it
attains an average Spqrtiqr Of 51.78%, marking the
first time an agent has surpassed the 50% threshold
on this benchmark and outperforming the previous
SOTA (OpenHands-versa w/ Claude-4 Sonnet) by
nearly 20%. This substantial improvement is par-
ticularly striking given that our agent’s memory
was acquired from only approximately 10% of the
available tasks, demonstrating exceptional “learn-
ing on the job” efficiency. These results prove the
effectiveness of MUSE in challenging real-world
productivity tasks. Besides, they provide strong em-
pirical support for our core thesis: past condensed
experience yields highly generalizable capabilities
that far exceed what might be expected from the
limited learning. The complete results of 175 tasks
are listed in Table 2.
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Framework Modules Ave. Time (s) Performance (7¢;)
PE Reflect Memory & checkpoint  Sexpt (%) T AVE. Spartiar (%) T
v X X 620.07 54 /85 63.53 43.21
MUSE v v X 895.19 56.2 /85 66.12 55.85
v v Ve 993.05 62.2/85 73.18 64.61

Table 3: Ablation study of MUSE framework components on 7.; using gemini-2.5 flash. The table highlights
the incremental performance gains and computational costs associated with the addition of the Reflect Agent and

Memory Module to the pure PE Agent.

LLM Type Framework = Model checkpoint  Scipt (%) T Avg. Spartiat (%) T
Llama-3.1 405B 177385 20.00 9.78
OpenHands  Llama-3.3 70B 11/85 12.94 5.84
Open-Source Qwen-2.5 72B 11/85 12.94 6.50
MUSE DeepSeek-V3 (w/o mem) 29/85 34.12 28.01
DeepSeek-V3 (w/ mem) 43/ 85 50.59 36.75
OpenHands ~ Gemini 2.5 Pro 58/85 65.39 57.67
Proprictary MUSE Gemini 2.5 Flash (w/ mem) | 62.2/85 73.18 64.61
Gemini 2.5 Pro (w/ mem) 68 /85 80.00 67.10

Table 4: Performance comparison on 7; across Open-Source and Proprietary Models. MUSE demonstrates superior

performance in both categories.

3.4 Ablation Study

3.4.1 Ablation Study for Framework
Components

To evaluate the contribution of each component
within the MUSE framework, we conduct an incre-
mental ablation study on 7 using gemini-2.5
flash. As shown in Table 3, all metrics are
recorded during the inference phase to reflect real-
world deployment efficiency. The baseline PE
Agent achieves an S,,; of 63.53% with an average
execution time of 620.07s. Integrating the Reflect
Agent increases the Sy, to 66.12% and substan-
tially boosts the Spqrtiar to 55.85%, though it adds
approximately 275s of latency due to the multi-turn
self-correction process. Furthermore, incorporat-
ing the Memory Module during inference allows
the agent to retrieve and utilize pre-existing experi-
ence, pushing the Sci; to 73.18% and Spurtial tO
64.61%. Notably, the retrieval and integration of
these insights incur a marginal overhead of only
97.86s per task compared to the non-memory vari-
ant, yet yield the most significant performance gain.
These results demonstrate that MUSE effectively
balances reasoning depth and computational effi-
ciency during the reasoning process.

3.4.2 Ablation Study for Different Models

To evaluate the open-source LLM adaptability of
our framework, we replace the core model with
DeepSeek-V3-250324 (Liu et al., 2024) and con-
duct experiments in two scenarios: with and with-

out the pre-accumulated memory on the 18-task
subset 7. The results, when compared against
other open-source-based agents in Table 4, yield
two key insights. First, even without memory, the
MUSE architecture alone enables DeepSeek-V3
to outperform all other frameworks using open-
source models, highlighting the intrinsic advan-
tages of our design. Second, the addition of the
pre-accumulated Memory Module provides a sig-
nificant performance boost, confirming that our
memory mechanism is model-agnostic and that the
accumulated knowledge can be effectively trans-
ferred across different LLMs. Furthermore, the
advantages of our framework extend to propri-
etary models. When using Gemini 2.5 Pro, MUSE
achieves the highest performance across all met-
rics, reaching an Sg,; of 80.00%, which is a sig-
nificant improvement over the 65.39% achieved
by the OpenHands baseline using the same model.
Notably, even our Flash-based variant (Gemini 2.5
Flash w/ mem) outperforms the Pro version in the
OpenHands framework (73.18% vs. 65.39%), fur-
ther demonstrating that MUSE can more effectively
unlock the capabilities of SOTA proprietary LLMs.

4 Conclusion

In this study, we propose an experience-driven self-
evolving framework, MUSE. Centered around a
hierarchical Memory Module, MUSE systemati-
cally extracts reusable knowledge from interaction
trajectories to tackle complex, long-horizon pro-
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ductivity tasks. Comprehensive evaluation on the
TAC benchmark confirms MUSE’s effectiveness:
it achieves continuous performance improvement
and self-evolution with autonomous experience ac-
cumulation, and shows remarkable experience gen-
eralization to novel tasks. Consequently, MUSE
achieves a new SOTA performance on TAC by a
large margin.

5 Limitations

While our memory-augmented framework demon-
strates significant potential in handling long-
horizon tasks, several limitations remain to be ad-
dressed in future work.

First, this research focuses on enhancing agent
memory to empower test-time learning capabilities.
We acknowledge that our current memory architec-
ture is not a panacea and has limitations in handling
specific tasks like high-level planning or multi-hop
search. Nevertheless, the experimental results con-
firm its potential. We attribute this success to the
agent’s ability to efficiently avoid previously failed
paths and reallocate exploration to more promising
regions, effectively pruning the decision space and
enabling a deeper, more successful search.

Furthermore, our evaluation on the TAC bench-
mark revealed certain external challenges that may
impact the interpretation of the results. Some task
descriptions within the benchmark exhibit semantic
ambiguities or minor factual inaccuracies, which
can occasionally misdirect the agent’s reasoning.
More importantly, the evaluation scripts for certain
tasks are relatively rigid, often failing to accom-
modate the full spectrum of valid solution trajec-
tories. This leads to instances where the agent’s
strategies—though logically sound and successful
in reaching the goal—are underestimated or in-
correctly penalized by the deterministic scoring
mechanism. We provide detailed case studies in
Appendix A.3 to illustrate these discrepancies and
suggest areas for future benchmark refinement.
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A.1 Related Work
A.1.1 Self-evolving agent

The research focus in artificial intelligence is under-
going a profound paradigm shift: from developing
static foundational models to building dynamic,
self-evolving agents capable of continuous adapta-
tion and learning (Gao et al., 2025). To achieve this
goal, researchers are exploring various approaches.
For example, some works (Zhou et al., 2022; Wang
et al., 2023b; Pryzant et al., 2023) abstract the
prompt generation process into a black-box op-
timization problem, systematically searching for
and optimizing instructions to maximize the perfor-
mance of large language models (LLMs) on spe-
cific tasks. Regarding agent capability building,
some cutting-edge work draws on concepts from
cognitive science, helping agents accumulate skills
and experience through course learning or free ex-
ploration, forming a reusable skill base (Wang et al.,
2023a; Wu et al., 2024; Qian et al., 2024) or opti-
mized toolsets (Tang et al.; Qiu et al., 2025). While
Voyager (Wang et al., 2023a) has demonstrated the
potential of LLM-based agents to evolve through
curriculum learning and code generation, it oper-
ates within the Minecraft environment—a domain
characterized by explicit feedback signals, identi-
fiable state changes, and a predefined technology
tree. This setting provides an idealized "sandbox"
that simplifies the challenge of error correction and
skill acquisition. In contrast, MUSE targets "learn-
ing on the job" in real-world productivity scenarios.
Unlike gamified environments, real-world cross-
application tasks lack pre-set difficulty gradients or
ground-truth state verifications. MUSE addresses
this by autonomously organizing unstructured inter-
action trajectories into a hierarchical memory sys-
tem (Strategic, Procedural, and Tool) without hu-

man intervention. This enables the agent to handle
the noisy, open-ended nature of professional soft-
ware environments where feedback is often sparse
and requires active visual or DOM-based verifica-
tion. Another important technical approach is to
empower agents with the ability to self-reflect and
iterate. By introducing language feedback mech-
anisms and comparing and reflecting with ground
truth answers, agents can continuously review and
strengthen their decision-making logic and action
capabilities (Shinn et al., 2023; Liang et al., 2025).

A.1.2 LLM Agent Memory Mechanisms

Research on memory mechanisms for LLM agents
aims to enable them to store, retain, and recall past
experiences, facilitating the transition from sim-
ple reactive models to advanced agents capable of
maintaining context and autonomous adaptation.
Research in this domain often draws inspiration
from human cognitive models, classifying mem-
ory into short-term working memory for immedi-
ate task processing and long-term memory for per-
sistent learning (Krishnan, 2025), which relies on
external storage such as vector databases (Douze
et al., 2024) and knowledge graphs (Webber, 2012).
To address the challenges of information retrieval
and potential information flooding arising from
accumulating long-term memories, one line of re-
search focuses on optimizing memory management
and structure. For example, Mem0 (Chhikara et al.,
2025) implements precise control over memory
content by defining explicit memory operations,
while Memlnsight (Salama et al., 2025) enhances
semantic information by augmenting raw memo-
ries with summaries and tags to optimize subse-
quent retrieval efficiency. Another branch of re-
search focuses on constructing procedural mem-
ory by generalizing reusable experiences and work-
flows from agents’ historical execution trajectories.
Specifically, ExpeL (Zhao et al., 2024) collects ex-
ecution trajectories and refines them into natural
language insights and rules. Agent Workflow Mem-
ory (Wang et al., 2024b) focuses on generalizing
reusable workflows from individual experiences.
Memp (Fang et al., 2025) aims to build a learnable,
updatable, and lifelong procedural memory, allow-
ing agents to acquire skills and habits through ex-
perience. Although these advanced memory mech-
anisms are validated on various text-based bench-
marks (Yang et al., 2018; Shridhar et al., 2020; Yao
et al., 2022; Thorne et al., 2018) and web agent
benchmarks (Zhou et al., 2023; Deng et al., 2023),
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existing test environments often lack sufficient com-
plexity and long-term dependency requirements.
Consequently, they may not fully assess the true
efficacy of these mechanisms in handling complex,
long-horizon, real-world tasks. Regarding procedu-
ral memory refinement, methods like ExpeL typi-
cally rely on Ground Truth outcomes to filter suc-
cessful trajectories for offline refinement. This
dependency limits their applicability in realistic
deployment settings where GT is unavailable and
tasks cannot be simply re-run from scratch. Further-
more, their evolution occurs at a coarse, task-level
granularity, often discarding partial successes from
failed attempts. MUSE differentiates itself by im-
plementing a GT-free, online evolution paradigm.
Instead of relying on external labels, MUSE utilizes
a self-reflective mechanism to validate and distill
knowledge at the sub-task granularity in real-time.
This fine-grained feedback loop ensures that even
within a globally failed long-horizon task, valid
local procedures are captured and stored as pro-
cedural memory. Consequently, MUSE achieves
steady performance growth through immediate er-
ror correction and incremental accumulation, prov-
ing more robust for complex workflows than offline,
outcome-dependent methods.

A.2  Selected Task Splits

In constructing the task splits, we followed clear se-
lection criteria. For the continuous learning task set
T.1, we chose tasks of moderate difficulty, specif-
ically those where models generally achieve non-
zero scores in the official TAC evaluation, ensuring
that they are neither trivial nor impossible. For the
Thard task set, we deliberately selected tasks where
most models fail almost completely, i.e., tasks that
typically yield near-zero scores, to better stress-test
the limits of the agents. In both cases, we ensured
a comprehensive coverage across the six profes-
sional domains defined in TAC, and every task was
manually inspected to guarantee correctness and
to exclude cases with obvious errors. We list these
tasks in detail in Table 5.

A.3 Case Studies

We will first present two representative case stud-
ies that illustrate both the inherent complexity of
TAC tasks and the operating mechanisms of our
framework. These cases reveal unexpected yet ef-
fective completion paths that highlight the adaptive
problem-solving capabilities of our agent.

Figure 4 shows the first case study, which in-

Te (18)

admin-check-employees-budget-and-reply-and-record
admin-read-survey-and-summarise

ds-sql-exercise

ds-answer-spreadsheet-questions
ds-visualize-data-in-pie-and-bar-chart
finance-check-attendance-payroll
finance-budget-variance

hr-collect-feedbacks

hr-new-grad-job-description-3

hr-transfer-group
hr-check-attendance-multiple-days-department-with-chat
pm-create-channel-message-medium
pm-update-plane-issue-from-gitlab-status
pm-ask-for-issue-and-create-in-gitlab
pm-check-backlog-update-issues
sde-update-dev-document
sde-update-issue-status-on-plane
sde-add-all-repos-to-docs

77uzrd (12)

admin-mass-forms-filling
ds-calculate-spreadsheet-stats
ds-predictive-modeling
finance-invoice-matching
finance-nonqualified-bill-ask-for-reimburse
hr-mass-survey

hr-internal-tooling-slides

hr-salary-analysis
pm-present-engineer-group-members
sde-copy-table-from-pdf-to-xIsx
sde-sotopia-create-agent-wo-repo
sde-create-commit-table-for-all-gitlab-users

Table 5: Task Sets Overview

volves a task requiring the agent to collect per-
formance feedback on Liu Qiang from three col-
leagues. The standard approach—and the one
implicit in TAC evaluation protocols—would in-
volve conducting sequential individual conversa-
tions with each colleague. Nevertheless, our agent
adopted an alternative strategy during the planning
phase and achieved task completion, yet this in-
novative solution fell outside the scope of TAC
evaluation protocol. Specifically, it created a multi-
person chat group and simultaneously queried all
three colleagues. This innovative approach sig-
nificantly streamlined the information collection
process. Ultimately, the agent accurately integrated
the feedback into a comprehensive performance
evaluation for Liu Qiang, demonstrating its effi-
ciency and adaptability in task execution.

The second case study presented in Figure 5
demonstrates the agent’s sophisticated capabili-
ties in processing dynamically acquired informa-
tion and executing complex, long-horizon cross-
platform tasks. In this scenario, the agent orches-
trated nearly 20 sub-tasks and performed over 100

30436



4 Navigate fo the Rockefchat web at hittp://the-agent-company.com:3000/home. Ask Mike Chen, Li‘
Ming, and Zhang Wei about Liu Qiang's recent job performance.

* Ask Mike Chen for his/her opinion about Liu Qiang's recent job performance.
* Ask Li Ming for his/her opinion about Liu Qiang's recent job performance.
* Ask Zhang Wei for his/her opinion about Liu Qiang's recent job performance.

Upon successfully collecting the feedbacks, reach ouf fo Liu Qiang and deliver performance
review To him. If all feedbacks are positive, fell him that he got the fop performance in his
company. If all negative, tell him that he should work harder in the next quarter. If mixed, tell
him that he did average last quarter.

\

" Sub-fask 1: Navigate to Rocketchat
Sub-fask 2: Login fo Rocketchat

Forgot assward?

Ragstera now aceoun

Sub-fask 3: Open direct message conversations with
Direct Messages x
“You are about to create a chat with multiple users. Add the ones you would like to talk,

Mike Chen, Li Ming, and Zhang Wei =
‘everyone in the same place, using direct messages.

Sub-task 4: Send a message fo Mike Chen, Li [GWH-P. @ < B ‘

Ming, and Zhang Wei requesting their opinion on

| BB MlexTumer (slex tumer)

Liu Qiang's job performance. @

You have joined a new direct message with
li_ming ) mike_chen } zhang_wei
September 23, 2025

. theagentcompany Admin 2197
Hi Mike, Li Ming, and Zhang Wei, I'd like to get your opinion on Liu Qiang's recent job
performance. Please share your honest Feedback.

m mike_chen
I've been really impressed with Liu Qiang's performance lately. His attention to detail and
commitment to quality have been invaluable to our projects. I think he's doing a Fantastic job.

. zhang_wel P

From my perspective, Liu Qiang has been doing an excellent job. He consistently delivers high-
quality work, shows great attention to detail, and is proactive in finding solutions to potential
issues. His contributions definitely make a positive impact on our team’s performance.

li_ming

I've noticed that Liu Qiang's performance has been lacking recently. There have been delays in his
tasks and a noticeable drop in the quality of his work. It's becoming a concern for the team's
overall productivity.

Sub-task 5: Collect and analyze Feedback
Sub-task 6: Open a direct message conversation with Liu Qiang
Sub-task 7: Send the performance review message to Liu Qiang based on the analyzed feedback

I‘Iiu_qiangﬁ LW 2@ Qen QJ

You have joined a new direct message with
 liv_aians |

September 23, 2025

theagentcompany Admin P

Hi Liu Qiang, regarding your performance last quarter, the feedback is mixed, indicating you did
average.

Task Done: Successfully delivered the performance review to Liu Qiang, stating that his

performance last quarfer was average due fo mixed feedback.

Figure 4: Case study on task “hr-collect-feedbacks”
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" A new sprint just started in the RisingWave project and you have fo assign Li Ming to a new )
issue in GitLab. Using RocketChat, ask Li Ming fo provide you with the issue he wants to work on.
You also need to figure outf the description fo put, the milestone to assign, and the due date.
Once you have all the information, create the issue in GitLab.

The RocketChat website can be accessed at: http://the-agent-company.com:3000/home
The Gitlab Projects page can be accessed at: http://the-agent-company.com:8929/

Sub-fask 3: Ask Li Ming for issue details
theagentcompany Admin
Hi Li Ming, a new sprint just started. Could you please provide the following information for the new GitLab issue you want to work on?n1.
Issue Title:\n2. Description:\n3. Milestone:\n4. Due Date:
li_ming
Hil The issue title is ‘Improve Logging for Bulk Request Failures". For the description or milestone, you should talk to my mentor, Mike
Chen. He'll have all the details you need.
Sub-fask 6: Ask Mike Chen for issue details
. theagentcompany Admin
Hi Mike Chen, Li Ming needs a new GitLab issue. He provided the title: Improve Logging for Bulk Request Failures'. Could you please
provide the Description, Milestone, and Due Date for this issue? Thanks!
m mike_chen
Hi there! For the issue titled 'Improve Logging for Bulk Request Failures', the description is "'We need to improve the logging for bulk
request failures, so we can better understand the root cause of the issue.’ The milestone is 'release-1.9". As for the due date, you'll need
to check with our manager, Mark Johnson, for that detail.
Sub-fask 9: Ask Mark Johnson for Due Date
Sub-fask 14: Fill Issue Details
New Issue
Title (required)
Improve Logging for Bulk Request Failures
Type @
Issue v
Description
Prevew B I & 1= & & | Ben "
We need to improve the logging for bulk request failures, so we can better understand the root cause of the
issve.
Sub-task 15: Assign Issue fo Li Ming Assignee
Unassigned v | Assigntome
Select assignee
| LiMingl x |
No matching results
Reflection: Failed. Li Ming is not a registered user in GitLab ..... Consider creating a new user
account for "Li Ming" in GitLab......
Redo Sub-fask 15: Assign Issue to Li Ming, create a new user account for “Li Ming" in GitLab
Li Ming Profile
X ' . Member since Sep 23, 2025 10:26am
Profile page: li_ming
Account
Name: LiMing
Username: li_ming
Email: liming@example.com Verified

Reflection: Failed. Atftempted to assign the issue to "li_ming" but found he was not a member of
1 the "risingwave" project. Consider adding 'li_ming' as a member to the 'risingwave' project with
appropriate permissions......
i Sub-task 16: Navigate to RisingWave Project Members Page
i Sub-task 17: Add Li Ming to Project

Invite members x  Project members oot trom a et || invae  group

Vou'te Iniing members o the isngwave project You can e a new member t isingwave o nvi

Members 2

Account Source Role Expiation Activiy

Admisttor B+Novia, 2020
eyou D e, Owner Expian < Novi9, 2024
@ R sep23,2025

8+Sep 23,2025

Litting Diect member
il mi by Admevsiat o Sep23,2025

Developer v Expiration date &

Cancat

Sub-fask 18: Return fo New Issue Creation Form
Sub-task 19: Assign Li Ming fo Issue

Assignee p

Unassigned v | Assigntome - . T N

Solectsssimes on't send service data Assignee. o

@ umng
Improve Logging for Bulk Request I Labets et
Failures et

Administrator Q0 (7 ssue created just now by Administrator (5 Miestone. e
oot None.

~ Unassigned

his project
@ olndg causeof th e oue e car
_ Nov 15, 2024 - rer

— o[%o]@

Figure 5: Case study on task “pm-ask-for-issue-and-create-in-gitlab”
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actions. The primary objective was to create a
new issue in the RisingWave project on GitLab.
However, the task description also implied that the
task would be assigned to an engineer named Li
Ming. This overloaded task was obviously not con-
sidered by the TAC, because they did not set up
a GitLab account for Li Ming. The task posed
two major challenges: 1) To gather the comprehen-
sive details necessary for issue creation, the agent
needed to sequentially consult three different col-
leagues. However, the initial task provided only
a single contact person (Li Ming). The agent had
to progressively identify and locate the other two
relevant colleagues through interactions with Li
Ming, while continuously adapting and refining its
sub-task queue in real-time. 2) The agent attempted
to assign the issue to Li Ming but could not find
his GitLab account, which was an important pre-
requisite. The agent discovered the problem and
decided to create a GitLab account for Li Ming.
The agent then performed a series of actions, in-
cluding creating the account and adding Li Ming
to the appropriate project team, ultimately success-
fully assigning the issue to him.

Despite the inherent challenges and profound
complexity of the task, the agent demonstrates a
remarkable capacity for autonomous adaptation.
Through dynamic sub-task planning, self-reflection,
and continuous optimization via trial and error, it
not only achieves but even exceeds its original task
objectives.

Failure cases study. Here, we analyze the fail-
ure mechanisms observed in the TAC tasks and
present two specific cases.

A critical contributing factor is the inherent limi-
tation of environmental observation. As illustrated
in Figure 6, the agent failed in its processing flow
due to a lack of preemptive perception of unstruc-
tured data, such as images embedded within PDFs.
Similarly, Figure 7 demonstrates that insufficient
observation of structured data formats (e.g., thou-
sands separators in Excel) resulted in the inability
to extract valid numerical values during the code
generation and execution phases.

These failure scenarios underscore a fundamen-
tal disparity between the perception modalities of
agents and humans: humans possess active intu-
ition and parallel multi-modal perception, enabling
the instantaneous construction of global cognition.
In stark contrast, the agent’s perception remains
passive and linear. Lacking prior environmental in-
tuition, the agent frequently encounters blind spots

when handling non-standard data or complex envi-
ronments.

A.4 Exemplary Demonstration of the Memory
Module

In this section, we provide a concrete illustration
of the three memory types in our framework. We
present selected entries from the Strategic Memory
(Table 6), Procedural Memory (Table 7), and Tool
Memory (Table 8) to demonstrate their structure
and content. These examples are shown in their
native, structured format.

A.5 Tool Set

We equip MUSE with a minimal yet sufficient tool
set, consisting of a browser operator, a Python in-
terpreter, a shell, a visual extractor, and a mem-
ory retriever. The browser operator is primar-
ily implemented based on the browser-use frame-
work (Browser-Use, 2025), enhanced with both the
accessibility (ally) tree and the page’s interactive
elements as observations returned to the agent. The
visual extractor leverages GPT-40 as the backbone
model. A complete overview of the tool set is pro-
vided in Table 9.

A.6 The Growth Trend of Token Cost with
Subtask Execution.

In practice, we introduced several context manage-
ment mechanisms, such as compressing redundant
information like the Agent’s early-generated code
and the Browser Accessibility Tree. We conducted
a statistical analysis of token consumption on the
sampled set of 18 tasks 7. Specifically, we cal-
culated the cross-task mean of the average token
overhead per action within subtasks. Furthermore,
we also calculated the token count without context
compression using the same method. Figure 8 and
Figure 9 respectively show the token consumption
during the training phases with or without context
compression.

The results show that our context management
mechanism can significantly reduce the number of
tokens (achieving a compression rate of over ten-
fold), effectively suppressing the explosive growth
of context length and thus controlling the cost.

A.7 Complete Task-level Results

Table 10 shows the scores of all TAC tasks. The
overall scores and experimental analysis are shown
in Section 3.3.3.
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.

' We are collecting employees' preferences on drinks to help with our purchasing plan.

Please navigate fo http://the-agent-company.com:8092/ and find drinks_survey.pdf, which
confains a questionaire that we have placed in the office. Please organize the

employees' responses info a CSV spreadsheet, clearly indicating the number of people who
like each type of beverage.

The spreadsheet is prepared for you at /workspace/drinks_survey.csv and please complete it.

Sub-task 3: Extract text from drinks_survey.pdf

Action 1: Access_the_application_guide

The Drinks You Want Us to Buy

...... Coke

Action 3: CMD . Convert PDF to txt file ' { di ) \ ) 1
<tool_call>

name: run_cmd

args: Sprite

/workspace/drinks_survey.txt"

\
~

cmd_str: "pdftotext /workspace/drinks_survey.pdf \ \ \ ‘ .

</tool_call >

> returncode: 0 Mountain Dew

Action 4: CMD : Verify that I[he txt file is generated ) l
<tool_call> I:

name: run_cmd H
! Apple Juice
args: |

cmd_str: "ls -1 /workspacé/drinks_survey.txt"
</tool_call > i

> -rw-r---- 1 root root 266491 Sep 14 09:58 /workspace \

Orange Juice
/fdrinks_survey.txt v

Sub-fask 4: Read fext content - l

\

Action 1: CMD : Read drinks_survey.txt Y

<tool_call> ‘." \/-{7’7‘ (\/‘71‘3 “+ \

name: run_cmd

v
v
'

'

1

args:

cmd_str: "cat /workspace/dri11k57511rvey1xt”' . R‘i _
| -~
</tool_call > - , \ - § {\ |
= 0 (\ y f\ P 9, {\

~

mt\\l

Apple Juice

Orange Juice

[ ————

Note:

The agent failed to extract all relevant data because it did not account for images in the PDF, such as
charts or graphs. These images, which likely contained critical information, were missed during the text
extraction process. As a result, valid data present in these images was not captured, leading to
incomplete or inaccurate results.

Action 2: I read the text from the PDF, but it seems there are no clear statistical results visible in the
extracted content------

The agent generated incorrect results due to failing to account for images in the PDF, which led
to valid data (such as charts or graphs) being missed during the fext extraction process.

Figure 6: Case study on task “admin-make-spreadsheet
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i company.com:8092/index.php/apps/files’. Create visualizations for the agricultural operations
m i w.rt vegefable crop cafegories in 2011 and 2016, respectively. Particularly, draw a pie chart for
1 2011 data and a bar chart for 2016. Save the chart figures as '/workspace/2011_pie.png' and
'/workspace/2016_barpng' 1

Sub-task 3: Load and Inspect Excel Data

Action 1: Access_the_application_ guide Other vegetable crop Agricultural operations Change
011 [2016
number percent

' Action 4: Python . Query sheet name N
| v Query Chinese vegetables
' <code> -+
| 83 98 18.1
vty -
; e i Excel FileCril 1 Garlic 1,315 2,251 71.2
! xls = pd.ExcelFile(file_path
i . (file_path) Sweet potato !
! sheet_names = xls.sheet_names '
| 195 65 ! -66.7
[ </code> -
Kale 82 265! 223.2

> Available sheet names: ['original'] '

Action 5: Python ! Read the original data with the correct sheet name "original" and see the Estmcture.

<code> -+

Lty
i df_raw = pd.read_excel(file_path, sheet_name='original', header=None)
| print("Full Raw DataFrame:\n", df_raw.head(10))

E print("\nRaw DataFrame Info:\n", df raw.info())

S oo

| > Full Raw DataFrame:

E 5 Chinese vegetables ... 18.1
i 6 Garlic ... 712
L7 Sweet potato ... -66.7
i 8 Kale ... 2232

Action 6: Python ! Slice + Clean + Rename Columns + Type Conversion
<code> +--+
try:

df_raw = pd.read_excel(file_path, sheet_name='original', header=None)

df_cleaned = df_raw.iloc[5:].copy()

df_cleaned.columns = new_column_names

df_cleaned = df_cleaned.reset_index(drop=True)

for col in ['2011', '2016', 'Change']:

df_cleaned[col] = pd.to_numeric(df_cleaned[col], errors="coerce’)

E new_column_names = ["Vegetable Crop Category’, '2011', '2016', 'Change']

df cleaned[col] = df cleaned[col].fillna(0).astype(float)

...... </code> .
> Cleaned DataFrame Head:
Vegetable Crop Category 2011 2016 Change

0 Chinese vegetables 83.0 98.0 18.1

1 Garlid] 0 Of =722 === h
2 Sweet potato 195.0 65.0 -66.7
3 Kale 82.0 265.0 223.2 WY

Note:

The columns contain values with thousand separators (e.g., "1,234" ).

pd.to_numeric(..., errors='coerce') fails to parse these strings and converts them to NaN , which
are then replaced with @ by .fillna(@) .

This causes valid numbers—such as the “Garlic” row—to be incorrectly shown as 0.0 .

Sub-task 5: Create 2011 Pie Chart

Sub-tfask 6: Create 2016 Bar Chart

The agent generated incorrect results due to failing to account for thousand separators
(commas) in the data, which led to valid numbers being converted to 0.0

Figure 7: Case study on task “ds-visualize-data-in-pie-and bar-chart”
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Figure 8: Token consumption statistics during training with context compression. We first calculated the average
token consumption per action for each subtask within individual tasks. Subsequently, we computed the mean of this
metric across 18 tasks for each corresponding subtask (i.e., the k-th subtask across all tasks).

560k o Input tokens per action
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Figure 9: Token consumption statistics during training without context compression. We first calculated the average
token consumption per action for each subtask within individual tasks. Subsequently, we computed the mean of this
metric across 18 tasks for each corresponding subtask (i.e., the k-th subtask across all tasks).
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Principle

Description

Systemic Root Cause

Robust Context State

Adaptive Task Progression

Problem Decomposition

Granular Outcome Verification

Iterative Data Extraction

Accurate Output Specification

Explicit Uncertainty Handle

Clear Environment Separate

Diagnose and address underlying systemic causes of recurring
errors to refine methods and ensure long-term stability beyond
symptom treatment.

Explicitly manage and continuously verify data and execution
context throughout its lifecycle to ensure accuracy, consistency,
and integrity of dependencies and prevent errors.

Implement primary strategies with adaptive fallbacks and dynam-
ically provision prerequisites, ensuring continuous progression
and reliable state transitions even when initial paths are blocked.

Decompose complex problems into modular, manageable units,
defining clear goals and objectives to structure a stable and
logical execution path.

After critical state-changing actions, perform detailed, item-
by-item verification of all intended outcomes to detect subtle
discrepancies and ensure system state precisely matches require-
ments.

Employ adaptive search heuristics and staged parsing strategies,
including resilient capture mechanisms, to reliably extract, val-
idate, and process information from dynamic or complex data
sources.

Employ flexible methods or custom logic to achieve exact out-
put specifications, ensuring the final representation precisely
matches requirements, intent, and diverse formats.

When required information is unextractable or unverifiable, ex-
plicitly assign a clear “Not Available” or equivalent status to
prevent hallucination and maintain data integrity.

Strictly distinguish and manage execution environments for dif-

ferent types of code or tools (e.g., shell vs. Python) to prevent
conflicts and ensure proper, intended execution.

Table 6: Examples of M g4+, outlining high-level principles for robust agent behavior.
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Application

Function

Details

RocketChat

Navigate to
Home Page

Login

Preconditions: User is logged into RocketChat. (Optional:
Browser is open). Steps: Refresh the page state using
browser_update — If already at /home, verify. Otherwise,
click the "Home’ link or navigate directly to http://xxx/home,
refresh and verify elements like "Home’ button, ’Channels’
list, or avatar. Notes: Always follow navigation with
browser_update. The "Home’ link may be more reliable than a
button depending on UI context.

Preconditions: Browser is open, RocketChat URL and cre-
dentials are known. Steps: Navigate to login page — Enter
username in Email or username’ field — Enter password in
’Password’ field — Click 'Login’ button — Verify login success
(URL is /home, login fields disappear, post-login elements ap-
pear). Notes: Successful login is confirmed by disappearance
of input fields and presence of post-login UI. Always perform
browser_update after clicks.

FileSystem

Create or Over-
write File

Verify File Exis-
tence

Preconditions: None. Steps: Define content string and target
file_path in Python — Use with open(file_path, ’w’)
as f: f.write(content) — Include error handling (try-except)
to manage failures. Notes: Python file handling (open, write)
is more robust than using shell commands (e.g., echo) due to
escaping issues.

Preconditions: None. Steps: (Python) Import os — iterate file
paths — check with os.path.exists() — print per-file and
summary results. (Alternative) Use run_cmd with 1s <file> —
verify from returncode and output. Notes: os.path.exists
is suitable for programmatic checks; 1s is effective for CLI
verification with error messages.

OwnCloud

Login

Navigate to
Folder by URL

Preconditions: Browser open, ownCloud URL & credentials
available, service reachable. Steps: Go to login URL — handle
connection errors (ping) if needed — refresh page — enter user-
name/password via input fields — click Log in — verify login
success (URL change, disappearance of fields, presence of post-
login elements) — if modal appears, dismiss via Escape. Notes:
Always pair navigation/input/click with browser_update. Use
attributes like placeholder/text to locate elements. Verify success
via URL and post-login UI, not just button clicks.

Preconditions: Browser is open and authenticated. Steps: Navi-
gate to folder URL — refresh state — verify URL and page title
— dismiss modal (if any) via Escape — confirm presence of
expected files in accessibility tree/interactive elements. Notes:
Direct URL navigation is more reliable than clicking folder links.
Always verify URL, title, and file list after navigation.

... (additional entries omitted)

Table 7: Examples of M., detailing step-by-step guides for common application interactions.
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Tool

Description

Instruction

access_guide

Get detailed platform/application opera-
tion guides. The guide is structured from
past successful experiences.

- Primary mode: batch_requests,

supporting single or multi-
ple apps/items. - Example:
batch_requests={’RocketChat’:

[’Login’, ’Create Channel’]}.
- For single app/item:

application_name="RocketChat" or
with item_names. - Crucial: Always
pass app name as dict key and items
as list in batch_requests, otherwise
TypeError. - Absence of requested
guide entries is also a useful signal.
- Guides may not match current Ul
exactly; adapt as needed.

Review the returned guide care-
fully. Compare actively with
real-time UI observations.

- If discrepancies appear, pri-
oritize adaptive exploration.
- Always check parameter
names and types (dict for
batch_requests, str for
application_name) to avoid
TypeError.

browser_click

Click interactive element on current
browser page by index.

- Always call browser_update first to
ensure fresh indices. - Best practice:
follow click with browser_update to
confirm changes. - Prioritize semantic
attributes (e.g., text, aria-label) over
raw indices. - If clicking fails, dynami-
cally search for element attributes. - Ver-
ify intended outcome (navigation, modal
opening, state change), not just the click
itself. - For persistent failures, consider
browser_send_keys(’Enter’).

Always follow with
browser_update.

- Verify outcome (e.g., page
change, modal open). - If ac-
tion fails, refresh interactive el-
ements and retry with seman-
tic attributes. - If still failing,
try browser_send_keys. - For
unclickable elements, acknowl-
edge task may be unachievable
and adjust strategy.

browser_input

Enter text into a specified browser ele-
ment. - Always refresh elements first
with browser_wait_and_get_update.
- Input appends text; clear field
with "" if needed. - After input,
changes may not persist without explicit
Save/Submit. - Consider following in-
put with browser_update to catch UI
changes.

After input, always call
browser_update. - Re-check
interactive elements for changes.
- If part of a form, explicitly
locate and click Save/Submit.
- Verify that the input was
successfully saved.

... (additional entries omitted)

Table 8: Examples of M., providing optimized tool instructions and description.
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Tool

Function

run_cmd
run_python_code

access_guide
gptdo_describe_image
browser_go_to_url

browser_input

browser_send_keys
browser_update

browser_click
browser_extract_content_by_vision

browser_close_tab
browser_go_back
browser_list_tabs

browser_switch_tab

Execute a full shell command string and return its result, suitable
for file and system operations.

Execute Python code in an isolated environment for data pro-
cessing and analysis.

Retrieve structured procedural memory for accurate interaction.
Use GPT-4o to recognize and interpret the content of images.

Navigate the browser to a specified URL, supporting page refresh
and reset.

Input text into a specified field in the current browser page.

Send keyboard shortcuts or keystrokes (e.g., Enter) to the current
browser tab.

Wait and refresh to retrieve the latest accessibility tree and inter-
active elements.

Click a specified interactive element in the current browser page
by index.

Extract specified content from a browser screenshot using GPT-
4o.

Close a specified browser tab by index.
Navigate back in the browser history of the current tab.
List all currently open browser tabs.

Switch to a specified browser tab by index.

Table 9: Tool Set.
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Task checkpoint  Sp4rtia1 (%)

admin-arrange-meeting-rooms 02 0.0

admin-ask-for-meeting-feedback 6/6 100.0
admin-ask-for-upgrade-reimbursement 2/4 25.0
admin-check-employees-budget-and-reply 4/4 100.0
admin-check-employees-budget-and-reply-2 4/4 100.0
admin-check-employees-budget-and-reply-and-record 6/6 100.0
admin-collect-requests-and-compute-total-price 1/4 12.5
admin-employee-info-reconciliation 5/7 35.71
admin-get-best-vendor-quote 5/6 41.67
admin-make-spreadsheet 0/5 0.0

admin-mass-forms-filling 0/5 0.0

admin-read-survey-and-summarise 2/3 33.33
admin-remove-pages-pdf 1/3 16.67
admin-translate-sales-chat 0/4 0.0

admin-watch-video 0/2 0.0

bm-classify-nationality 2/6 16.67
ds-answer-numerical-data-question 0/6 0.0

ds-answer-spreadsheet-questions 5/5 100.0
ds-calculate-spreadsheet-stats 2/5 20.0
ds-coffee-shop-database-management 4/10 20.0
ds-find-meeting-spreadsheet 172 25.0
ds-fix-table-values-and-missing-answers 6/6 100.0
ds-format-excel-sheets 3/4 37.5
ds-janusgraph-exercise 1/6 8.33
ds-merge-multiple-sheets 1/3 16.67
ds-organise-report-sus-data 3/5 30.0
ds-predictive-modeling 3/3 100.0
ds-sql-exercise 6/6 100.0
ds-stock-analysis-slides 1/8 6.25
ds-visualize-data-in-pie-and-bar-chart 4/4 100.0
example 3/5 30.0
finance-apply-tax-credit 0/8 0.0

finance-budget-variance 4/4 100.0
finance-check-attendance-payroll 3/3 100.0
finance-create-10k-income-report 1/6 8.33
finance-expense-validation 2/4 25.0
finance-find-signatories 2/5 20.0
finance-invoice-matching 1/5 10.0
finance-nonqualified-bill-ask-for-reimburse 2/2 100.0
finance-qualified-bill-ask-for-reimburse 2/5 20.0

Table 10: Detailed results on the complete TAC benchmark for 175 tasks.
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Task checkpoint  Sp4rtia1 (%)
finance-r-d-activities 1/6 8.33
finance-revenue-reconciliation 1/4 12.5
finance-substantial-presence-test 172 25.0
hr-analyze-outing-bills 3/7 21.43
hr-check-attendance-multiple-days 1/4 12.5
hr-check-attendance-multiple-days-department 0/3 0.0
hr-check-attendance-multiple-days-department-with-chat 2/4 25.0
hr-check-attendance-one-day 3/3 100.0
hr-check-for-invalid-passwords-and-ask-for-valid-passwords 4/4 100.0
hr-collect-feedbacks 5/5 100.0
hr-collect-multiple-valid-passwords 2/4 25.0
hr-create-career-ladder 4/4 100.0
hr-create-employee-manual 1/4 12.5
hr-delete-and-insert-user 3/3 100.0
hr-get-valid-password 4/4 100.0
hr-green-card-consultation 3/3 100.0
hr-internal-tooling-slides 6/10 30.0
hr-make-slides-introduce-leadership 5/5 100.0
hr-mass-survey 1/7 7.14
hr-massive-resume-screening 5/5 100.0
hr-new-grad-job-description 3/3 100.0
hr-new-grad-job-description-2 4/4 100.0
hr-new-grad-job-description-3 5/5 100.0
hr-organize-talent-info 1/4 12.5
hr-pick-interviewer-1 6/6 100.0
hr-pick-interviewer-2 4/6 33.33
hr-pick-interviewer-3 1/4 12.5
hr-populate-salary-increase-memo 477 28.57
hr-resume-categorization 1/4 12.5
hr-resume-screening 4/4 100.0
hr-salary-analysis 0/2 0.0
hr-transfer-group 1/3 16.67
ml-generate-gradcam 1/4 12.5
ml-grade-exam 1/8 6.25
pm-add-new-moderator 3/3 100.0
pm-ask-for-issue-and-create-in-gitlab 5/5 100.0
pm-ask-issue-assignee-for-issue-status-and-update-in-plane 3/3 100.0
pm-assign-issues 5/5 100.0
pm-change-channel-ownership 3/3 100.0
pm-check-backlog-update-issues 1/5 10.0
pm-copy-plane-issues-to-gitlab 3/4 37.5

Table 10: Detailed results on the complete TAC benchmark for 175 tasks.
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Task checkpoint  Sp4rtia1 (%)
pm-create-channel-message 3/3 100.0
pm-create-channel-message-medium 6/6 100.0
pm-create-channel-new-leader 2/3 33.33
pm-create-plane-issue 2/2 100.0
pm-create-teammate-channel-from-spreadsheet 4/5 40.0
pm-distribute-information 2/2 100.0
pm-monitor-new-bug-issues 2/4 25.0
pm-monthly-attendance-slides 4/4 100.0
pm-plan-personnel-for-new-project 3/7 21.43
pm-prepare-meeting-with-customers 6/6 100.0
pm-present-engineer-group-members 0/3 0.0
pm-present-gitlab-info-as-ppt 5/5 100.0
pm-projects-analytics 2/5 20.0
pm-schedule-meeting-1 5/5 100.0
pm-schedule-meeting-2 5/5 100.0
pm-send-hello-message 4/5 40.0
pm-send-notification-to-corresponding-user 4/4 100.0
pm-update-gitlab-issue-from-plane-status 2/3 33.33
pm-update-plane-issue-from-gitlab-status 777 100.0
pm-update-project-milestones 5/5 100.0
pm-update-sprint-cycles 3/4 37.5
qa-escalate-emergency 2/3 33.33
qa-update-issue-status-according-to-colleagues 6/6 100.0
research-answer-questions-on-paper 10/12 41.67
research-reproduce-figures 4/8 25.0
sde-add-all-repos-to-docs 477 28.57
sde-add-one-gitlab-pipeline 0/3 0.0
sde-add-wiki-page 4/4 100.0
sde-change-branch-policy 2/2 100.0
sde-change-license-easy 4/4 100.0
sde-change-license-hard 2/3 33.33
sde-check-and-run-unit-test 172 25.0
sde-check-high-priority-issue 1/4 12.5
sde-close-all-gitlab-issues 2/2 100.0
sde-close-all-issue-on-all-project-under-tac-workspace 2/3 33.33
sde-close-all-prs 2/2 100.0
sde-close-an-issue 2/2 100.0
sde-collect-open-issues 3/3 100.0
sde-copilot-arena-server-easy-add-suffix 4/4 100.0
sde-copilot-arena-server-new-endpoint 9/9 100.0
sde-copilot-arena-server-setup 77 100.0

Table 10: Detailed results on the complete TAC benchmark for 175 tasks.
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sde-copy-issues-to-plane 2/2 100.0
sde-copy-table-from-pdf-to-xlsx 2/5 20.0
sde-create-commit-table-for-all-gitlab-users 1/6 8.33
sde-create-new-characters 2/4 25.0
sde-create-new-gitlab-project-logo 2/3 33.33
sde-create-new-release 2/2 100.0
sde-create-new-repo 2/3 33.33
sde-create-sqlite-database 6/8 37.5
sde-debug-crashed-server 2/8 12.5
sde-delete-all-project-under-plane 01 0.0
sde-delete-all-repos 171 100.0
sde-delete-stale-branch 2/2 100.0
sde-dependency-change-1 5/5 100.0
sde-find-answer-in-codebase-1 0/3 0.0
sde-find-answer-in-codebase-2 3/3 100.0
sde-find-answer-in-codebase-3 2/5 20.0
sde-find-api 2/4 25.0
sde-fix-factual-mistake 3/3 100.0
sde-fix-rising-wave-datatype 2/5 20.0
sde-implement-buffer-pool-manager-bustub 1/12 4.17
sde-implement-covering-index-in-janusgraph 0/3 0.0
sde-implement-hyperloglog 1/6 8.33
sde-implement-raft-in-go 0/10 0.0
sde-install-go 0/2 0.0
sde-install-openjdk 2/2 100.0
sde-issue-label-management 01 0.0
sde-migrate-package-manager 0/8 0.0
sde-milestone-meeting 2/5 20.0
sde-move-bustub-wiki 3/4 37.5
sde-move-page-to-cloud 2/3 33.33
sde-pitch-idea-to-manager 5/5 100.0
sde-reply-community-issue-by-asking-npc 5/5 100.0
sde-reply-community-issue-with-fixed-reply 3/3 100.0
sde-repo_profile_pic 1/3 16.67
sde-report-agent-repos 0/2 0.0
sde-report-unit-test-coverage-to-plane 3/4 37.5
sde-run-all-unit-test 3/4 37.5
sde-run-janusgraph 1/6 8.33
sde-run-linter-on-openhands 0/2 0.0
sde-run-rising-wave-locally 2/2 100.0
sde-sotopia-create-agent 5/5 100.0

Table 10: Detailed results on the complete TAC benchmark for 175 tasks.
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sde-sotopia-create-agent-wo-repo 2/6 16.67
sde-sotopia-dev-container 217 14.29
sde-sotopia-update-ci 1/3 16.67
sde-summarize-recent-issues 4/4 100.0
sde-sync-from-origin-repo 1/1 100.0
sde-troubleshoot-dev-setup 1/4 12.5
sde-update-dev-document 4/4 100.0
sde-update-issue-status-on-plane 3/3 100.0
sde-update-readme 2/2 100.0
sde-write-a-unit-test-for-append_file-function 2/5 20.0
sde-write-a-unit-test-for-scroll_down-function 2/5 20.0
sde-write-a-unit-test-for-search_file-function 2/5 20.0

Table 10: Detailed results on the complete TAC benchmark for 175 tasks.
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