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Abstract001

Autonomous agents powered by large lan-002
guage models (LLMs) are increasingly de-003
ployed in real-world applications requiring004
complex, long-horizon workflows. However,005
existing benchmarks predominantly focus on006
atomic tasks that are self-contained and inde-007
pendent, failing to capture the long-term con-008
textual dependencies and multi-interaction co-009
ordination required in realistic scenarios. To ad-010
dress this gap, we introduce OdysseyBench, a011
comprehensive benchmark for evaluating LLM012
agents on long-horizon workflows across di-013
verse office applications including Word, Ex-014
cel, PDF, Email, and Calendar. Our bench-015
mark comprises two complementary splits:016
OdysseyBench+ with 300 tasks derived from017
real-world use cases, and OdysseyBench-Neo018
with 302 newly synthesized complex tasks.019
Each task requires agent to identify essential020
information from long-horizon interaction his-021
tories and perform multi-step reasoning across022
various applications. To enable scalable bench-023
mark creation, we propose HOMERAGENTS,024
a multi-agent framework that automates the025
generation of long-horizon workflow bench-026
marks through systematic environment explo-027
ration, task generation, and dialogue synthe-028
sis. Our extensive evaluation demonstrates029
that OdysseyBench effectively challenges state-030
of-the-art LLM agents, providing more accu-031
rate assessment of their capabilities in com-032
plex, real-world contexts compared to exist-033
ing atomic task benchmarks. We believe that034
OdysseyBench will serve as a valuable re-035
source for advancing the development and eval-036
uation of LLM agents in real-world productiv-037
ity scenarios.038

1 Introduction039

Autonomous agents powered by large language040

models (LLMs) have demonstrated remarkable ca-041

pabilities across diverse domains, including reason-042

ing (Lin et al., 2024; Boisvert et al., 2024; Yao et al.,043

2024), software development (Yang et al., 2024; 044

Murty et al., 2024; Zhou et al., 2023; Xie et al., 045

2025), and scientific research (Drouin et al., 2024; 046

Wu et al., 2025; Zheng et al., 2025). As these agents 047

increasingly transition from research settings to 048

real-world applications, they are expected to handle 049

complex, multi-step tasks such as drafting profes- 050

sional emails, updating documents, and managing 051

personal calendars (Yao et al., 2024; Wang et al., 052

2024b; Xu et al., 2024a). This shift underscores 053

the need for the development of comprehensive 054

benchmarks that accurately reflect real-world sce- 055

narios and rigorously evaluate agent performance 056

in complex, contextual task environments. 057

However, existing benchmarks for agents pre- 058

dominantly focus on atomic tasks that are self- 059

contained and independent of previous interac- 060

tions or accumulated context (Zhou et al., 2023; 061

Paranjape et al., 2023; Bonatti et al., 2024; Wang 062

et al., 2024b; Xu et al., 2024a), as illustrated in 063

Figure 1(a). While these benchmarks serve as 064

valuable initial assessments, they fundamentally 065

misrepresent the nature of real-world workflows, 066

which typically unfold across extended periods and 067

encompass various agent-user interactions and re- 068

quire agents to systematically curate, integrate, and 069

leverage information accumulated over extended 070

periods (Schick et al., 2023; Hu et al., 2024; Er- 071

dogan et al., 2025). Agents that perform well on 072

atomic task benchmarks may struggle with the con- 073

textual dependencies, information persistence, and 074

collaborative workflow management required in 075

real-world scenarios. 076

In this work, we address these challenges by 077

introducing a novel benchmark OdysseyBench de- 078

signed to evaluate agents on complex, long-horizon 079

workflows spanning diverse office applications, in- 080

cluding Word, Excel, PDF, Email, 081

and Calendar. Our benchmark includes two 082

splits: OdysseyBench+, which consists of 300 083

long-horizon tasks originated from real-world use 084
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OfficeBench:
Add the sentence "This is a test sentence for task 1-15-0." 
to the end of house_creak.docx.

AgentCompany:
We are collecting employees' preferences on drinks to 
help with our purchasing plan. Please navigate to 
http://the-agent-company.com:8092/ and find 
drinks_survey.pdf, which contains a questionnaire that we 
have placed in the office. Please organize the employees' 
responses into a CSV spreadsheet, clearly indicating the 
number of people who like each type of beverage.

WebArena:
What is the top-1 best-selling brand in Quarter 1 2022.

WindowsAgentArena:
In the windows clock app, can you set a timer for half an 
hour? I need to wrap something up by then.

AgentBench:
Stock logs are shown in /usr/stock.log. The last two 
columns are stock index and count. Tell me how many 
times Alice sold a stock.

(a) Atomic Tasks

Task Intent:
Save the extracted text into two PDF files and place them in the appropriate folders.

Dialogues:
...
{"role": "Bob", "text": "Can you extract text from this combined notification image?", "ts": "2020-04-27 09:00"},
{"role": "Assistant", "text": “Sure!", "ts": "2020-04-27 09:00"},
…
{"role": "Bob", "text": "Can you split the extracted text into two parts: party and meeting?", "ts": "2020-04-28 9:00"},
{"role": "Assistant", "text": "Noted!", "ts": "2020-04-28 9:00"},
….
{"role": "Bob", "text": "Can you create a PDF file named party.pdf with the party text?", "ts": "2020-04-30 7:00"},
 {"role": "Assistant", "text": "Will do!", "ts": "2020-04-30 7:00"},

…
{"role": "Bob", "text": "I saw a documentary about the Amazon rainforest. It was eye-opening.", "ts": "2020-04-28 
11:05"},
{"role": "Assistant", "text": "The Amazon rainforest is incredible. What did you learn from the documentary?", "ts": 
"2020-04-28 11:06"}, 
…
{"role": "Bob", "text": "Can you create a PDF file named meeting.pdf with the meeting text?", "ts": "2020-04-30 
12:00"},
 {"role": "Assistant", "text": "Noted!","ts": "2020-04-30 12:00"},
…
 {"role": "Bob", "text": "Hey, I have a meeting notification image that I need summarized.", "ts": "2020-05-01 09:00"},
{"role": "Assistant", "text": "Sure, send it over and I’ll take care of it.", "ts": "2020-05-01 09:00"},
…
 {"role": "Bob", "text": "Can you save party.pdf in the activities folder and meeting.pdf in the schedule folder?", 

"ts": "2020-05-02 15:00"},
 {"role": "Assistant", "text": “Sure, will do!", "ts": "2020-05-02 15:00"},

…

chitchat 
event

irrelevant 
office event

(b) Long-horizon Tasks (Ours)

Figure 1: (a) Atomic tasks: each task is self-contained and does not rely on previous interactions or context. (b)
Long-horizon tasks (Ours): a complex task requiring context aggregation, spanning multiple interactions.

cases in OfficeBench (Wang et al., 2024b), and085

OdysseyBench-Neo, which contains 302 newly086

generated tasks that are more complex and diverse.087

Each task, as illustrated in Figure 1(b), is designed088

to require the agent to reason about the task and089

extract essential information from long-horizon di-090

alogue histories between the user and agent. This091

enables the construction of feasible workflows and092

supports multi-step reasoning across various appli-093

cations. Our experiments reveal that while humans094

achieve near-perfect performance (over 90% ac-095

curacy) on our benchmark, state-of-the-art agents,096

such as o3, achieve only around 55% accuracy.097

This demonstrates that our benchmarks effectively098

challenge current models and offer a more accurate099

assessment of capabilities in real-world contexts.100

Furthermore, many benchmarks rely on costly101

human annotation, limiting scalability and con-102

straining the diversity of evaluation scenarios103

(Zhou et al., 2023; Xu et al., 2024a; Yao et al.,104

2024). While recent efforts have explored synthetic105

data generation with LLMs (Ou et al., 2024; Xu106

et al., 2024b; Xie et al., 2025), these approaches107

typically yield atomic tasks, lacking the sustained108

interactions and long-term context essential for109

realistic workflows. These limitations highlight110

the urgent need for systematic, automated bench-111

marks that reflect the challenges of real-world,112

long-horizon tasks.113

To address these challenges, we additionally114

propose HOMERAGENTS, a multi-agent frame-115

work that automates the generation of long-horizon116

workflow benchmarks. Our framework consists117

of two complementary components: HOMERA- 118

GENTS+, which leverages existing benchmarks 119

from OfficeBench (Wang et al., 2024b) and 120

employs a two-agent iterative refinement pro- 121

cess to transform atomic tasks into contextually 122

rich, multi-interaction scenarios, thereby creat- 123

ing OdysseyBench+; and HOMERAGENTS-NEO, 124

which utilizes a multi-agent system operating 125

within realistic application environments to gen- 126

erate entirely new long-horizon tasks from scratch, 127

producing OdysseyBench-Neo. Through system- 128

atic environment exploration, task generation, and 129

dialogue creation, HOMERAGENTS enables scal- 130

able production of diverse, contextually grounded 131

benchmark tasks that reflect the complexity of real- 132

world scenarios while maintaining the quality stan- 133

dards for rigorous evaluation. 134

In summary, our contributions are as follows: 135

• We introduce OdysseyBench, a comprehen- 136

sive benchmark for evaluating agents on long- 137

horizon workflows across multiple office ap- 138

plications, consisting of OdysseyBench+ and 139

OdysseyBench-Neo. 140

• We propose HOMERAGENTS, a multi-agent 141

framework that automates the generation of 142

long-horizon tasks, enabling scalable and di- 143

verse benchmark creation. 144

• We demonstrate the effectiveness of 145

OdysseyBench in challenging state-of-the-art 146

language agents, providing insights into their 147

performance in real-world scenarios. 148

• We analyze the impact of dialogue storage 149

formats within OdysseyBench, demonstrating 150

2



that semantic compression and coherent ag-151

gregation are essential for effective multi-step152

reasoning and agent performance.153

2 Related Work154

Evaluating LLMs in Executive Environments155

As LLMs advance in tackling real-world chal-156

lenges (Hurst et al., 2024; Jaech et al., 2024; Ope-157

nAI, 2025; Anthropic, 2025b,a; Comanici et al.,158

2025), there is a growing shift toward evaluating159

their capabilities in dynamic, executive environ-160

ments rather than static datasets. Beyond text-161

based games (Côté et al., 2018; Shridhar et al.,162

2020), recent research increasingly simulates real-163

istic scenarios to assess agents’ proficiency in tool164

use (Deng et al., 2023; Zhuang et al., 2023; Qin165

et al., 2023; Lù et al., 2024; Wang et al., 2024a;166

Shen et al., 2024; Xu et al., 2024a). However, these167

platforms primarily measure atomic performance168

in self-contained contexts and lack mechanisms to169

evaluate LLM agents’ interactions with complex170

environments over extended periods.171

Synthetic Benchmark Generation Existing172

agent datasets and benchmarks largely rely on hu-173

man annotators for task creation, demonstrations,174

and evaluation metric design (Zhou et al., 2023;175

Xu et al., 2024a; Yao et al., 2024), resulting in176

high costs and limited diversity. Recent studies177

try to leverage LLMs to automatically generate178

agent tasks and trajectories (Ou et al., 2024; Xu179

et al., 2024b; Xie et al., 2025). For instance, Murty180

et al. (2024); Pahuja et al. (2025); Trabucco et al.181

(2025); Gandhi and Neubig (2025) employ LLMs182

as web agents to synthesize web-based interac-183

tions in semi-realistic environments. Moreover,184

composing atomic tasks is another method to con-185

struct more challenging tasks (Boisvert et al., 2024;186

Drouin et al., 2024). Li et al. (2024) iteratively187

propose and refine dataset descriptions to gener-188

ate topic-specific problems. However, these ap-189

proaches predominantly focus on web-based activi-190

ties and are generally limited to simple interactions,191

lacking the complexity of multi-step reasoning and192

extensive tool use required for robust evaluation.193

3 Methodology194

3.1 HOMERAGENTS: Automating Benchmark195

Creation196

It is highly challenging to create OdysseyBench in197

a scalable and reliable manner, as it requires gen-198

erating realistic user–assistant interaction histories 199

and the context-dependent multi-step tasks that re- 200

flect the complexity and ambiguity of real-world 201

productivity scenarios. To facilitate this process, 202

we propose a multi-agent framework HOMERA- 203

GENTS that automates the generation of tasks, in- 204

cluding HOMERAGENTS+ (see Section 3.1.1) and 205

HOMERAGENTS-NEO (see Section 3.1.2). 206

3.1.1 HOMERAGENTS+: Standing on the 207

Shoulders of OfficeBench 208

Starting from a given task description T from 209

OfficeBench (Wang et al., 2024b), HOMERA- 210

GENTS+ employs a two-agent iterative refinement 211

framework to produce task intents I and corre- 212

sponding long-horizon user-assistant dialogues D, 213

thereby contextualizing the original task. The 214

framework comprises two core components: a gen- 215

erator (G) and a verifier (V), as depicted in Fig- 216

ure 2. The generator G receives the task description 217

T and any feedback from previous iterations Fi−1, 218

and outputs a task intent Ii along with a correspond- 219

ing dialogue Di. Here, the task intent I succinctly 220

captures the user’s goal without specific details, 221

while the dialogue D provides the natural conver- 222

sational context leading to the task. The verifier 223

V then assesses the generated content for dialogue 224

realism, task alignment, and contextual coherence, 225

returning structured feedback Fi. 226

This process is executed iteratively, as outlined 227

in Algorithm 1, with a maximum of Nmax itera- 228

tions. In each iteration i, the generator G refines its 229

output based on the original task and accumulated 230

feedback, while the verifier V either approves the 231

result (“pass”) or provides actionable feedback for 232

further improvement. The cycle ends when the ver- 233

ifier approves or the iteration limit is reached. This 234

iterative, feedback-driven approach allows HOME- 235

RAGENTS+ to generate realistic, complex long- 236

horizon tasks for rigorous workflow evaluation. 237

3.1.2 HOMERAGENTS-NEO: Scaling up the 238

Benchmark Creation 239

While HOMERAGENTS+ effectively leverages 240

existing benchmarks, HOMERAGENTS-NEO ad- 241

dresses the need for more diverse and scalable task 242

generation by creating entirely new long-horizon 243

tasks from scratch. HOMERAGENTS-NEO em- 244

ploys a multi-agent system that operates within real- 245

istic application environments to generate authentic 246

productivity scenarios, as shown in Figure 2. 247

HOMERAGENTS-NEO consists of productiv- 248
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Task Generator Dialogue Generator

task 
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evaluation 
criteria

Day1
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Day4
Day5

Information
Gathering

Reflection
Re-Planning

Dialogues,
Task intent
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description

Dialogue 
Generator

Verifier

Surfers

plan verifytrack

Orchestrator

adjustdecompose

subtask 
instruction

subtask1

subtask2

subtask3

(a)  HomerAgents+ (b) HomerAgents-Neo

Figure 2: HOMERAGENTS Framework Overview. HOMERAGENTS consists of two components: HOMERAGENTS+
and HOMERAGENTS-NEO. HOMERAGENTS+ builds upon the task descriptions from OfficeBench to generate
long-horizon dialogues, while HOMERAGENTS-NEO creates entirely new tasks and corresponding dialogues from
scratch by employing a multi-agent system that operates within realistic application environments.

Algorithm 1: HOMERAGENTS+
Input: Task description T ; the generator G; the verifier V; the maximal number of iterations Nmax;
Output: Task intent I and dialogues D;

1 F0 ← ∅ ; ▷ Initialize empty feedback
2 for i=1 to Nmax do
3 {Ii,Di} ← G(T ,Fi−1) ; ▷ The generator G generates the task intent I and dialogues D
4 Fi ← V(T , Ii,Di) ; ▷ The verifier V evaluates I and D, and provides feedback Fi

5 if Fi == pass then
6 return {Ii,Di} ; ▷ Early stop if the verifier V thinks the task intent I and dialogues D

are satisfactory

7 return {INmax ,DNmax} ; ▷ Return the task intent I and dialogues D after Nmax iterations

ity applications A = {ak}Kk=0, environment E ,249

orchestrator O, surfers S = {Sk}Kk=0, task gen-250

erator Gtask, and dialogue generator Gdial. Or-251

chestrator O manages planning, progress tracking,252

and coordinates the entire generation process by253

orchestrating each stage of data generation, ensur-254

ing coherence in both task and dialogue creation.255

Surfers S gather information from environment256

by interacting with a diverse set of simulated pro-257

ductivity applications. Task generator Gtask synthe-258

sizes the tasks and corresponding evaluation crite-259

ria. Dialogue generator Gdial then creates multi-day260

dialogues simulating realistic user-assistant inter-261

actions. The framework consists of four distinct262

phases, as outlined in Algorithm 2:263

Phase 1: Planning The orchestrator O receives a264

set of applications A = {ak}Kk=0 and environment265

E , then formulates a plan P = {Psurf,Ptask,Pdial}.266

This plan specifies how the subsequent phases267

should explore the environment Psurf, generate268

tasks Ptask, and create dialogues Pdial. 269

Phase 2: Environment Exploration A collection 270

of specialized surfers S = {Sk}Kk=0 systematically 271

explore the application environment. Each surfer 272

Sk follows the surfing plan Psurf to interact with 273

application ak within environment E , collecting 274

contextual information C. This exploration phase 275

ensures that generated tasks are grounded in realis- 276

tic application capabilities. 277

Phase 3: Task Generation The task generator Gtask 278

uses contextual information C and the plan Ptask 279

to produce task specifications τ = {T, I,K,E}, 280

including the task description T, the task intent I, 281

detailed subtask instructions K, and evaluation cri- 282

teria E. The task description T outlines the specific 283

goals and requirements of the task, the task intent I 284

conveys the high-level overall goal but omits spe- 285

cific details of the task, K = {k1, . . . , kt} provides 286

instructions for completing the task, and E define 287

how the task’s success will be measured. 288
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Algorithm 2: HOMERAGENTS-NEO

Input: Applications A = {ak}Kk=0; Environment E ; Orchestrator O; Surfers S = {Sk}Kk=0; Task Generator Gtask;
Dialogue Generator Gdial;

Output: Task τ and dialogue D;
1 Phase 1: Planning;
2 P← O(A, E) where P = {Psurf,Ptask,Pdial}; ▷ Orchestrator drafts the generation plan P
3 Phase 2: Environment Exploration;
4 C←

⋃K
k=0 Sk(Psurf, ak, E); ▷ Surfers collect contextual information from environment E

5 Phase 3: Task Generation;
6 τ ← Gtask(Ptask,C) where τ = {T, I,K,E} ; ▷ Task Generator generate task components, including task

description T, task intent I, subtask instructions K, and evaluation criteria E
7 Phase 4: Dialogue Generation;
8 D← Gdial(Pdial,C, I,K) ; ▷ Dialogue generator generates T-Days dialogues
9 return Task τ and dialogues D; ▷ Complete task for dataset

Phase 4: Dialogue Generation The dialogue gen-289

erator Gdial uses the dialogue plan Pdial, context C,290

task intent I, and subtask instructions K to create291

realistic long-horizon user-assistant conversations292

D. For each subtask ki ∈ K, it generates a di-293

alogue Di, simulating multi-day interactions, re-294

flecting how the task is approached over multiple295

days. These are combined into a full dialogue his-296

tory D = {D1, . . . ,Dt} that illustrates the user’s297

journey through the task, including some task-298

irrelevant content (e.g., chitchat) to better reflect299

real-world scenarios. By structuring generation300

into four phases, HOMERAGENTS-NEO systemati-301

cally explores application environments and main-302

tains coherence between tasks and dialogues, en-303

abling scalable creation of diverse, realistic bench-304

mark tasks that capture real-world complexity.305

3.1.3 Implementation Details306

To balance performance and cost, all agents in307

HOMERAGENTS use the GPT-4.1 model for strong308

reasoning at reasonable expense. We set the max-309

imum iterations Nmax in Algorithm 1 to 5, and310

generate at least T = 5 days of dialogues in Algo-311

rithm 2 to capture long-term workflow complexity.312

We provide more details about implementation in313

Appendix D.314

3.2 OdysseyBench: Long-Horizon Workflow315

Benchmark316

3.2.1 Quality Control317

Automated Filtering After creating the initial318

benchmark using HOMERAGENTS, we implement319

a multi-step LLM-based filtering mechanism to320

ensure the quality and reliability of the generated321

tasks:322

1. Task Evaluation Check: We firstly verify that323

each generated task is associated with a well-324

defined evaluation criteria E. If the evaluation325

criteria are not supported by our system as de- 326

scribed in Section 3.2.2, the task is discarded. 327

This step ensures all the tasks in the benchmark 328

can be objectively assessed for correctness and 329

completeness. 330

2. Task Solvability Check: We prompt a state-of- 331

the-art LLM (e.g., o3) to attempt solving each 332

generated task using using either the full descrip- 333

tion T or just the intent I and subtask instructions 334

K. Ideally, the agent should be able to complete 335

the task if the full description is provided. If the 336

agent fails to complete the task even with the full 337

description, the task is deemed unsolvable and 338

is removed from the benchmark. This step helps 339

eliminate tasks that are inherently flawed or too 340

ambiguous for practical completion. 341

3. General Quality Check: After the previous two 342

checks, we ensure that the tasks in the bench- 343

mark are both verifiable and solvable. We then 344

conduct a final quality check using a group of 345

five LLM agents. Each agent independently as- 346

sess the remaining tasks based on the quality 347

verification guidelines outlined in Appendix B. 348

If a task receives negative feedback from three or 349

more agents, it is removed from the benchmark. 350

This collective evaluation helps maintain high 351

standards for task quality and relevance. 352

Human Verification and Post-Editing We also 353

implement human verification and post-editing to 354

further enhance the quality of the generated task in- 355

tent and dialogues. A team of three native English- 356

speaking annotators manually reviews the gen- 357

erated task intent and dialogues, assessing them 358

based on the quality verification guidelines out- 359

lined in Appendix B. Due to the complexity of the 360

guidelines, we organize a training session to ensure 361

the annotators fully understand the criteria. During 362

this process, each example in the benchmark is eval- 363
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Figure 3: (1) Execution steps needed for the tasks in OdysseyBench. (b) Actions, objects, and applications of
OdysseyBench.

Task 1-apps 2-apps 3-apps overall

Human 92.31 90.00 91.67 91.50

Table 1: Human performance of OdysseyBench-Neo.

uated by all three annotators and further revised if364

any disagreements arise. The inter-annotator agree-365

ment is measured using Fleiss’ Kappa score (Fleiss366

and Cohen, 1973), which is 0.72, indicating sub-367

stantial agreement among the annotators.368

3.2.2 Evaluation369

We build OdysseyBench in a Docker environment370

with pre-installed applications, automate opera-371

tions using Python, and manage documents, emails,372

and calendar events via a file system. After the373

agents complete each task, we save the file system374

and perform customized evaluations to verify cor-375

rectness. Our evaluation combines exact matching,376

fuzzy matching, and execution-based methods. Ex-377

act and fuzzy matching check if the agent’s output378

matches the expected results (e.g., keyword match-379

ing for documents and calendar events), while380

execution-based evaluation uses code to verify out-381

puts (e.g., checking calendar conflicts). A task is382

successful if all criteria are met. We report the pass383

rate as the percentage of tasks completed success-384

fully: #successful tasks
#total tasks .385

3.2.3 Dataset Analysis386

We provide the statistical analysis of our dataset in387

Appendix A. We further analyze the distribution388

of execution steps in OdysseyBench (Figure 3(a)),389

finding that most tasks in both datasets require 3-15390

execution turns. This indicates that OdysseyBench391

tasks are sufficiently complex and reflect real-world392

multi-step workflows. We also examine task diver- 393

sity in OdysseyBench, summarizing actions, ob- 394

jects, and applications in Figure 3(b). The bench- 395

mark covers a broad range of actions, objects, and 396

applications, ensuring it captures the complexity 397

and variety of real-world productivity tasks and 398

making it a valuable resource for evaluating long- 399

horizon workflow understanding in LLMs. 400

3.2.4 Human Performance 401

To establish an understanding of human perfor- 402

mance on OdysseyBench, we employ two expe- 403

rienced productivity application users to complete 404

a randomly selected subset of 100 tasks from 405

OdysseyBench-Neo. Each user is instructed to 406

complete the tasks with the full dialogue history 407

D and task intent I. They are given up to 10 min- 408

utes to complete each task and allowed to use any 409

external tools, such as AI writing assistants, to aid 410

in task completion. As shown in Table 1, the hu- 411

man users achieve an overall pass rate of 91.50%, 412

demonstrating that the tasks in OdysseyBench are 413

solvable by humans and providing a benchmark for 414

evaluating LLM performance. 415

4 Experimental Setup 416

Long-Context Evaluation: We evaluate agent per- 417

formance on OdysseyBench by providing the en- 418

tire dialogue history. RAG Evaluation: We also as- 419

sess agents in the Retrieval-Augmented Generation 420

(RAG) setting, where relevant context is retrieved 421

from dialogue history using embedding models. 422

We test two types of stored context: (1) raw and 423

(2) summarized, each at two granularities. For raw 424

context: (a) session-level (entire session as one doc- 425

ument), (b) utterance-level (each turn as a separate 426
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OdysseyBench+ OdysseyBench-Neo

1-apps 2-apps 3-apps overall 1-apps 2-apps 3-apps overall

Proprietary Models
o3 72.83 70.53 30.36 56.19 68.33 60.56 59.06 61.26
o3-mini 38.04 20.00 15.18 23.75 71.67 39.44 45.61 49.34
GPT-4o-mini 30.11 22.11 7.14 19.00 65.00 33.80 29.83 37.75
GPT-4o 47.31 42.11 15.18 33.67 75.00 47.89 45.61 51.99
GPT-4.1 55.91 43.16 12.50 35.67 75.00 63.38 47.37 56.62
GPT-5-chat 55.91 48.42 20.54 40.33 75.00 57.75 51.46 57.62
GPT-5 75.27 66.32 25.89 54.00 61.67 56.34 53.80 55.96
Open-weight Models
DeepSeek-R1 53.76 47.37 20.54 39.33 78.33 60.56 44.44 54.97
DS.-Distill-Qwen-32b 30.11 16.84 1.79 15.33 40.00 22.54 10.53 19.21
Qwen-3-32b 38.71 33.68 11.61 27.00 41.67 22.54 21.05 25.50

Table 2: Performance of the long-context configuration on OdysseyBench+ and OdysseyBench-Neo tasks. We
divide the tasks into “1/2/3-apps”, specifying the number of applications required by the tasks. The overall
performance is reported as the macro-average across all tasks.

storage granularity top-k OdysseyBench+ OdysseyBench-Neo

tokens 1-apps 2-apps 3-apps overall tokens 1-apps 2-apps 3-apps overall

Long-context prompting 8000 47.31 42.11 15.18 33.67 6700 75.00 47.89 45.61 51.99

raw

session 5 750 40.86 40.00 11.61 29.67 - - - - -
10 1500 39.79 40.00 14.29 30.33 - - - - -

utterance

5 80 29.03 35.79 8.04 23.33 90 30.00 16.90 8.19 14.57
10 155 27.96 33.68 8.93 22.67 180 31.67 16.90 11.11 16.56
25 370 39.79 35.79 12.50 28.33 450 35.00 32.39 21.05 26.49
50 730 57.69 40.00 17.17 29.41 915 56.67 40.85 31.58 38.74

summarized

session 5 290 29.03 35.79 9.82 24.00 2200 75.00 46.48 49.12 53.64
10 650 33.33 36.84 9.82 25.67 - - - - -

chunk

5 290 30.11 29.47 12.50 23.33 1200 30.11 29.47 12.50 23.33
10 380 40.86 34.74 16.96 30.00 1260 40.86 34.74 16.96 30.00
25 600 46.24 36.84 19.64 33.33 1360 68.33 59.16 50.88 56.29
50 670 44.09 40.00 16.96 32.67 1460 68.33 59.16 48.54 54.97

Table 3: Performance of RAG-based GPT-4o on OdysseyBench. “Long-context prompting” refers to evaluation
in the long-context setting. “top-k” denotes the number of top retrieved documents used as context, and “tokens”
indicates the total tokens in the retrieved documents.

document). For summarized context: (a) session-427

level (session summarized as one document), (b)428

chunk-level (multiple sessions segmented and sum-429

marized in chunks).430

Metrics and Models As in Section 3.2.2, we use431

pass rate (percentage of successful task comple-432

tions) as the main metric. We evaluate proprietary433

LLMs (o3, o3-mini, GPT-4o, GPT-4o-mini, GPT-434

4.1, GPT-5, GPT-5-chat) and open-weight LLMs435

(DeepSeek-R1, DeepSeek-R1-Distill-Qwen-32b,436

Qwen3-32b). The RAG embedding model is Ope-437

nAI text-embedding-3-large.438

5 Experimental Results439

Tasks get increasingly complex with more ap-440

plications involved, leading to a performance441

drop. As shown in Table 2, performance con-442

sistently declines as the number of applications 443

per task increases. For OdysseyBench+, the av- 444

erage performance drops from single-app scenar- 445

ios to three-app scenarios across all models: o3 446

drops from 72.83 to 30.36, GPT-4.1 from 55.91 447

to 12.50, and DeepSeek-R1 from 53.76 to 20.54. 448

A similar but less pronounced trend appears in 449

OdysseyBench-Neo. For instance, o3 maintains 450

relatively stable performance (68.33 to 59.06), 451

while GPT-4o shows a decline from 75.00 to 45.61. 452

This highlights the challenge in coordinating in- 453

formation across applications, which requires ad- 454

vanced reasoning about dependencies and state. 455

More context typically leads to better perfor- 456

mance, but at a cost. As shown in Table 3, 457

storing raw data without retrieval (long-context 458

prompting) gives the highest performance (33.67 459
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Task intent:
Send the contents of the converted PDF 
to Alice via email.

Action: Read files:  -> Failed
(# The missed information) 

Dialogues:
…
Alice: "Hey, I need a favor. Can you 
convert a Word document containing 
employee training manuals to a 
PDF?"    
Assistant: "Sure, I can help with that. I'll 
locate the Word document first. Do you 
know the file name or where it's 
stored?"
Alice: "I think it's named 
'EmployeeTrainingManuals.docx'. It 
should be in the shared drive."
Assistant: "Got it. "
…

(a) Fail to find files

Task intent:
Create a folder named report and save 
the analysis results in it.

Action: Create folder:  -> Successful
Action: Save analysis -> Unknown 
content
(# The missed information) 

Dialogues:
…
Alice: "Can you analyze the relationship 
between revenues and regions? "
Assistant: "Will do. How's your day 
going?"
…
Alice: "Can you save the analysis as an 
image post named analyze.jpg?"
Assistant: "Will do. Anything else?“
…

(b) Fail to find actions

Task intent:
Save the extracted text into two PDF 
files and place them in the appropriate 
folders.

…
Action: Switch to PDF:  -> Successful
Action: Create PDF -> Failed
..
(# Expected to use Word to write and 
then convert to PDF)

Dialogues:
…
Bob: "Can you split the extracted text 
into two parts: party and meeting? "
Assistant: "Noted!"
…
Bob: "Can you create a PDF file named 
party.pdf with the party text? "
Assistant: "Will do! “
…

(c) Fail to use tools

Task intent:
Extract data from the two invoice PDFs, 
analyze them, and prepare a financial 
review in a spreadsheet and a report 
document.

Action: Switch to Word:  -> Successful
Action: Write Text -> Failed
….
(# Expected to read pdf files first)

Dialogues:
…
Bob: "I'd like to collect data from 
Invoice.pdf and Invoice_2.pdf. "
Assistant: "Understood."
…
Bob: "Great. I want to create a review 
report that summarizes the analysis."
Assistant: "Noted. Do you have any 
advice for keeping reports engaging?“
…

(d) Fail to plan actions

Figure 4: Typical failure cases of the LLM agents in OdysseyBench.

on OdysseyBench+ with 8000 tokens; 51.99 on460

OdysseyBench-Neo with 6700 tokens), but uses461

many tokens. Utterance-level retrieval in RAG of-462

fers a good balance, peaking at 29.41 with 730 to-463

kens on OdysseyBench+ and 38.74 with 915 tokens464

on OdysseyBench-Neo. It outperforms the long-465

context prompting for some OdysseyBench+ tasks466

but underperforms in OdysseyBench-Neo, likely467

due to shorter dialogues in OdysseyBench+ and ex-468

cessive fragmentation in OdysseyBench-Neo (see469

dataset statistical analysis in Appendix A). This470

highlights the need to maintain coherent conver-471

sational boundaries, as fragmented utterances can472

undermine context integrity.473

Summary storage effectively captures task474

essence. Summarization improves performance475

by condensing information and retaining key con-476

text. Session-level summaries outperform the long-477

context prompting (53.64 on OdysseyBench-Neo478

with one third of the tokens), while chunk-level479

summaries do even better (56.29 with less than480

20% of the tokens). Summarized context distills481

essential information, removes redundancy, and in-482

creases semantic density, enabling more efficient483

and precise retrieval within the same token bud-484

get. However, Increasing top-k from 25 to 50485

slightly reduces performance (56.29 to 54.97 on486

OdysseyBench-Neo), indicating that more context487

can add noisy information. Quality of retrieved488

content matters more than quantity. These results489

highlight the need for memory architectures that490

emphasize semantic aggregation and context conti-491

nuity for complex, multi-step workflows.492

Case Study To analyze LLM agent failures in493

OdysseyBench, we manually reviewed execution494

traces and categorized errors into four main types: 495

(1) Missing required files: Agents overlook in- 496

put files mentioned in the dialogue (e.g., missing 497

“EmployeeTrainingManuals.docx” in Figure 4(a)). 498

(2) Missing required actions: Agents fail to per- 499

form or modify files as instructed (e.g., omitting 500

the “analyze the relationship” step in Figure 4(b)). 501

(3) Incorrect tool calls: Agents use the wrong tool 502

or arguments (e.g., creating PDFs directly instead 503

of converting from Word in Figure 4(c)). (4) In- 504

accurate planning: Agents lack a coherent plan, 505

such as writing in a Word document before read- 506

ing the necessary PDF content (Figure 4(d)). We 507

also include quantitative analysis based on the file 508

type in Appendix E, revealing that most errors are 509

associated with file creation or writing tasks. 510

6 Conclusion 511

In this work, we addressed the critical limitation 512

of existing atomic task benchmarks by introduc- 513

ing OdysseyBench, a comprehensive benchmark 514

for evaluating language agents on long-horizon 515

workflows across diverse office applications. Our 516

key contribution, HOMERAGENTS, provides a scal- 517

able multi-agent framework that automates bench- 518

mark generation through two complementary ap- 519

proaches: HOMERAGENTS+ transforms existing 520

atomic tasks into contextually rich scenarios to cre- 521

ate OdysseyBench+, while HOMERAGENTS-NEO 522

generates entirely new complex tasks from scratch 523

to produce OdysseyBench-Neo. Extensive evalua- 524

tion revealed substantial performance gaps between 525

state-of-the-art agents on our benchmark compared 526

to atomic tasks, demonstrating the importance of 527

contextual dependencies and multi-interaction co- 528

ordination in realistic scenarios. 529
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Limitations530

OdysseyBench focuses on long-horizon workflows531

within a fixed set of office applications, and thus532

does not cover all possible real-world environments533

or task variations. In addition, the evaluation em-534

phasizes task completion accuracy under controlled535

settings, and does not explicitly assess robustness536

or adaptation to unexpected interactions. How to537

evaluate unexpected interactions requires further538

investigation.539

References540

Anthropic. 2025a. Claude 3.7 Sonnet and Claude Code.541
Online. 5 min read.542

Anthropic. 2025b. Introducing Claude 4: Claude Opus543
4 and Claude Sonnet 4. Online. 5 min read.544

Léo Boisvert, Megh Thakkar, Maxime Gasse, Mas-545
simo Caccia, Thibault de Chezelles, Quentin Cappart,546
Nicolas Chapados, Alexandre Lacoste, and Alexan-547
dre Drouin. 2024. Workarena++: Towards composi-548
tional planning and reasoning-based common knowl-549
edge work tasks. Advances in Neural Information550
Processing Systems, 37:5996–6051.551

Rogerio Bonatti, Dan Zhao, Francesco Bonacci, Dil-552
lon Dupont, Sara Abdali, Yinheng Li, Yadong Lu,553
Justin Wagle, Kazuhito Koishida, Arthur Bucker,554
and 1 others. 2024. Windows agent arena: Evalu-555
ating multi-modal os agents at scale. arXiv preprint556
arXiv:2409.08264.557

Gheorghe Comanici, Eric Bieber, Mike Schaekermann,558
Ice Pasupat, Noveen Sachdeva, Inderjit Dhillon, Mar-559
cel Blistein, Ori Ram, Dan Zhang, Evan Rosen, and560
1 others. 2025. Gemini 2.5: Pushing the frontier with561
advanced reasoning, multimodality, long context, and562
next generation agentic capabilities. arXiv preprint563
arXiv:2507.06261.564

Marc-Alexandre Côté, Akos Kádár, Xingdi Yuan, Ben565
Kybartas, Tavian Barnes, Emery Fine, James Moore,566
Matthew Hausknecht, Layla El Asri, Mahmoud567
Adada, and 1 others. 2018. Textworld: A learning568
environment for text-based games. In Workshop on569
Computer Games, pages 41–75. Springer.570

Xiang Deng, Yu Gu, Boyuan Zheng, Shijie Chen, Sam571
Stevens, Boshi Wang, Huan Sun, and Yu Su. 2023.572
Mind2web: Towards a generalist agent for the web.573
Advances in Neural Information Processing Systems,574
36:28091–28114.575

Alexandre Drouin, Maxime Gasse, Massimo Caccia, Is-576
sam H Laradji, Manuel Del Verme, Tom Marty, Léo577
Boisvert, Megh Thakkar, Quentin Cappart, David578
Vazquez, and 1 others. 2024. Workarena: How ca-579
pable are web agents at solving common knowledge580
work tasks? arXiv preprint arXiv:2403.07718.581

Lutfi Eren Erdogan, Nicholas Lee, Sehoon Kim, Suhong 582
Moon, Hiroki Furuta, Gopala Anumanchipalli, Kurt 583
Keutzer, and Amir Gholami. 2025. Plan-and-act: 584
Improving planning of agents for long-horizon tasks. 585
arXiv preprint arXiv:2503.09572. 586

Joseph L Fleiss and Jacob Cohen. 1973. The equiva- 587
lence of weighted kappa and the intraclass correlation 588
coefficient as measures of reliability. Educational 589
and psychological measurement, 33(3):613–619. 590

Apurva Gandhi and Graham Neubig. 2025. Go-browse: 591
Training web agents with structured exploration. 592
arXiv preprint arXiv:2506.03533. 593

Mengkang Hu, Tianxing Chen, Qiguang Chen, Yao Mu, 594
Wenqi Shao, and Ping Luo. 2024. Hiagent: Hier- 595
archical working memory management for solving 596
long-horizon agent tasks with large language model. 597
arXiv preprint arXiv:2408.09559. 598

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam 599
Perelman, Aditya Ramesh, Aidan Clark, AJ Ostrow, 600
Akila Welihinda, Alan Hayes, Alec Radford, and 1 601
others. 2024. Gpt-4o system card. arXiv preprint 602
arXiv:2410.21276. 603

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richard- 604
son, Ahmed El-Kishky, Aiden Low, Alec Helyar, 605
Aleksander Madry, Alex Beutel, Alex Carney, and 1 606
others. 2024. Openai o1 system card. arXiv preprint 607
arXiv:2412.16720. 608

Xiang Lisa Li, Farzaan Kaiyom, Evan Zheran Liu, Yifan 609
Mai, Percy Liang, and Tatsunori Hashimoto. 2024. 610
Autobencher: Towards declarative benchmark con- 611
struction. arXiv preprint arXiv:2407.08351. 612

Haohan Lin, Zhiqing Sun, Sean Welleck, and Yiming 613
Yang. 2024. Lean-star: Learning to interleave think- 614
ing and proving. arXiv preprint arXiv:2407.10040. 615
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A Dataset Statistical Analysis723

As shown in Table 4, our dataset comprises 602724

tasks, categorized by the number of applications725

involved: Single App (153 tasks), Two Apps (166726

tasks), and Three Apps (283 tasks). Each task727

is documented through multi-day dialogues, with728

at least five days per task. Dialogues occurring729

within the same day are grouped into a single730

session, and every dialogue contains a minimum731

of 10 utterances, ensuring rich interaction data.732

OdysseyBench+ contains 300 conversation histo-733

ries with an average of 27.9 sessions per conversa-734

tion and 11.4 utterances per session, resulting in735

relatively short sessions with an average of 124.6 to-736

kens per session. In contrast, OdysseyBench-Neo737

comprises 302 conversations with a more struc-738

tured format of exactly 5 sessions per conversation739

(corresponding to the 5-day dialogue design) but740

significantly longer sessions, averaging 1025.8 to-741

kens each and 73.2 utterances per session. This de-742

sign difference reflects OdysseyBench-Neo’s focus743

on creating more comprehensive daily interactions,744

while OdysseyBench+ maintains the original frag-745

mented conversation structure from OfficeBench.746

Overall, OdysseyBench-Neo generates richer con-747

versational content with approximately 49% more748

tokens per conversation (5169.9 vs. 3468.9 tokens),749

demonstrating the enhanced depth and complexity750

of the newly generated tasks.751

B Quality Verification Guideline752

To ensure consistency and quality, we design a753

quality verification guideline following the best754

practices in the AI community. Annotators are755

instructed to remove any task or dialogue that does756

not meet all of the following criteria:757

• Completeness: The combination of task in-758

tent and dialogue must provide all information759

necessary for a competent agent (or human) to760

complete the task. No essential details should761

be missing from the dialogue history or task762

intent.763

• Soundness (No Information Leakage): The764

task intent must not reveal specific details765

from the original task description that are in-766

tended to be discovered through the dialogue.767

All critical information for task completion768

should be conveyed through the dialogue, not769

leaked in the intent.770

• Clarity and Coherence: The task description,771

intent, and dialogues must be clearly written,772

logically structured, and free of ambiguity. Di- 773

alogue turns should follow a natural, realistic 774

conversational flow, with each utterance mak- 775

ing sense in context. 776

• Solvability: The task must be solvable us- 777

ing only the information provided in the in- 778

tent and dialogue, without requiring external 779

knowledge or assumptions. There should be 780

no contradictions or missing steps that would 781

prevent successful completion. 782

• Relevance and Appropriateness: The task 783

and dialogue should be relevant to real-world 784

productivity scenarios and appropriate for the 785

intended application environment. Content 786

must be free from offensive, biased, or inap- 787

propriate language. 788

• Diversity and Realism: Dialogues should in- 789

clude a mix of task-relevant and occasional 790

task-irrelevant (e.g., chitchat) content to re- 791

flect real-world interactions, but should not be 792

dominated by irrelevant content. Tasks should 793

not be trivial or repetitive; they should reflect 794

the complexity and variety expected in real- 795

world workflows. 796

• Language Quality: All text must be gram- 797

matically correct, fluent, and written in natural 798

English. 799

Tasks or dialogues failing to meet any of these 800

standards are removed. This process ensures the 801

benchmark remains high-quality, challenging, and 802

representative of real-world use cases, in line with 803

accepted practices in the AI community. 804

C Analysis of Execution Steps 805

Furthermore, analysis of execution steps in Table 5 806

reveals that chunk-level summaries introduce neg- 807

ligible computational overhead, and in some cases, 808

even reduce the number of steps required to com- 809

plete tasks. This indicates that summarization not 810

only boosts performance, but also streamlines the 811

reasoning process by providing relevant context ef- 812

ficiently, without overwhelming the model. These 813

findings underscore the critical role of semantic 814

compression and coherent aggregation in enabling 815

effective multi-step reasoning. 816

D Supplement Implementation Details 817

. During dialogue generation, the assistant simu- 818

lates task execution by generating responses based 819

on task descriptions and context, rather than per- 820

forming real actions. This enables scalable, diverse, 821
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OdysseyBench+ OdysseyBench-Neo

single
apps

two
apps

three
apps overall single

apps
two
apps

three
apps overall

Total # conversation h. 93 95 112 300 60 71 171 302
Avg. # session k. in conversation h 27.8 24.7 30.6 27.9 5.0 5.0 5.1 5.0
Avg. # utterance j. in session k 10.8 12.1 11.4 11.4 72.3 73.5 73.3 73.2

Avg. # tokens. conversation h 3323.2 3209.6 3809.9 3468.9 5031.6 5223.1 5196.4 5169.9
Avg. # tokens. sessions k 119.7 130.1 124.4 124.6 1006.3 1041.7 1026.1 1025.8
Avg. # tokens. utterance j 11.1 10.8 10.9 10.9 13.9 14.2 14.0 14.0

Table 4: Data statistics of OdysseyBench+ and OdysseyBench-Neo.

configuration 1-apps 2-apps 3-apps overall

OdysseyBench+
long-context 6.31 11.61 12.70 10.25

RAG-utterance 6.85 11.48 14.70 11.05
RAG-chunk 7.25 8.28 14.86 10.10

OdysseyBench-Neo
long-context 7.81 9.63 11.74 10.46

RAG-utterance 8.17 9.66 12.52 10.92
RAG-chunk 7.93 9.92 12.54 10.95

Table 5: The number of execution steps of the task in OdysseyBench+ and OdysseyBench-Neo under different
configurations indicates how many steps are required to successfully execute the task. “configuration” represents
the experimental setup used for evaluation.

Long-C.
RAG-U.

RAG-C.
Long-C.

RAG-U.
RAG-C.

0

20

40

60

80

100

Pe
rc

en
ta

ge
 (%

)

Odyssey-Extended Odyssey-Constructed

docx
email

jpg
pdf

txt
xlsx

Figure 5: Errors on file types with three configurations:
long-C. (long-context) , RAG-U. (RAG-utterance), and
RAG-C. (RAG-chunk).

and realistic dialogue generation. By deferring ex-822

ecution, our benchmark focuses on agents’ ability823

to curate and integrate information across multiple824

dialogue turns and days, which is crucial for evalu-825

ating long-horizon comprehension and planning.826

E Failure Analysis827

Further quantitative analysis based on the file types828

involved in failed executions (Figure 5) reveals that829

most errors are associated with file creation or writ-830

ing tasks, particularly for formats such as “docx”831

and “xlsx”. This indicates agents often struggle832

with complex, multi-step workflows that require 833

precise coordination of tools, timing, and reason- 834

ing. 835

F Criteria of Verifier Agent 836

We provide the criteria used by the verifier agent 837

in HOMERAGENTS+ to ensure the quality and re- 838

alism of the generated dialogues. These criteria 839

are designed to maintain a high standard for the 840

dialogues, ensuring they are both realistic and chal- 841

lenging for agents to navigate. 842

Criteria of Verifier in HOMERAGENTS+
• At least 5 calendar-day dialogues, over 100 turns.
• Agent speaks only after user turns.
• Sub-tasks from the atomic instruction are split,

never repeated.
• DO NOT lose any information about atomic in-

struction in the chat logs, such as the time, the
numbers, file names, application names...

• Add as much casual chitchat as possible, but not
extra subtasks to do.

• Each item JSON has keys “role”, “text”, “ts”.
• NO personal data and NO hateful content.
• Do not mention rules or benchmark.

843

G Prompts for Agents 844

In this section, we separately provide the illustra- 845

tions of the prompts used in the HOMERAGENTS+ 846

and HOMERAGENTS-NEO. 847
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Prompt 1: Verifier Prompt

SYS PROMPT :

You are a strict grader.
{Evaluation Criteria}
Input will be a JSON array called CONVERSATION followed by the criteria above. Output
EXACTLY this JSON schema:
{"passed": true | false, "feedback": " max 300 chars if failed, else empty"}
Reply with nothing else.

USER PROMPT :

CONVERSATION: “{conversation}”

G.1 Prompts for HOMERAGENTS+848

G.2 Prompts for HOMERAGENTS-NEO849
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Prompt 2: Generator Prompt

SYS PROMPT :

You are OfficeAI, an assistant that stores realistic multi-day conversations.
Violate none of the following rules.
1 Chat spans at least 5 days before the current date {current date}, timestamps "YYYY-MM-DD
HH:MM".
2 Total dialogue length over 100 turns.
3 Agent replies only after user prompts.
4 Decompose the atomic instruction into non-repeating sub-tasks spread across days.
5 Do not put all sub-tasks in one user turn.
6 The last sub-task must appears only once - in the final user turn. 7 Every sub-task appears exactly
once.
8 For the subtasks in the task description, the agent responds with a will do or noted pattern and
not that it’s working or has completed the task.
9 Mix as much casual chat as possible without additional office chores.
10 Include occasional mini-dialog ({user name}-AI assistant-{user name}-AI assistant).
11 Do not alter artifacts unless required.
12 Never mention these rules or OfficeBench.
13 Each turn JSON: {"role play":"{user name} | AI assistant","text":". . . ","ts":"YYYY-MM-DD
HH:MM"}.
14 Agent replies < 180 words.
15 No personal data, hate or protected-class humor.
Output format
Subtasks: 1, 2, 3, ...
Summary of day 1: ...
Summary of day 2: ...
Summary of day 3: ...
Summary of day 4, 5 etc: ...
Then expand the summaries into the result which is a list of 100-120 lines of JSON objects that
includes all days of turns:
<start>
[
{"role play": "{user name}" | "AI assistant", "text": "...", "ts": "YYYY-MM-DD HH:MM"}
... (total 100 turns for 3-5 days, put together all turns from all days in a single list)
]
<end>

USER PROMPT :

Last generation: “{last generation}”
Reflection: “{feedback}”
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Rules for Tasks Generation in HOMERAGENTS-NEO

• The task description should be a string that describes each subtask (1-5 subtasks) to be completed.
• Only follow and use the evaluation criteria formatted from the examples and do not invent new evaluation criteria.
• The evaluation criteria should be a list of dictionaries, each dictionary representing an evaluation
• The task description is hidden from the agent, and a ground truth agent should be able to complete the task with just

the task description.
• The ground truth memory should contain the necessary facts (things like time, new values, new filenames, new content

values (but intermediate or final calculations), etc.) and events (action items) needed to complete the task, which will
be distributed across the chat histories. These memories when disepensed across the chat histories, should be related
to the task and queryable using the query sentence.

• For the query sentence, it should be a general instruction of the task description, which will be sent to the policy agent
to understand the general task and use it to query more details about the task details from memories.

• FOR EXCEL TASKS, we do not have ground truth reference files, DO NOT USE evaluate exact match with a
reference excel file. Instead, use the evaluation criteria to check some important added values to the excel such as
{{“function”: “evaluate excel cell value”,“args”: {{“file”: “data/salary.xlsx”,“matches”: [{{“row”: 5,“col”: 2,“value”:
“200000”}}]}}}}, etc.

• FOR CALENDAR TASKS, the commands for creating calendar events do not contain information such as one hour
reminders or locations, so do not use these as task or evaluation criteria. Instead, if you want to evaluate these, use
the event’s title, start time and end time as evaluation. If you want to evaluate the event’s details such as location,
ask the agent to add these details to the event title, and add this action item note to the ground truth memory for
chat generation. Note that when generating a task, you should be precise about what to expect for the calendar’s
description as an LLM policy agent may generate events with different names.

• FOR QUESTION ANSWERING TASKS, expect the agent to output a the final answer in the answer.txt file, instead
of adding a line in an existing file like word or excel file. When evaluating such answers, be precise about the task,
ground truth memory such that you can expect what the agent produce so that the correctness of the answer is easily
verifiable.

• The inference agents can create or modify files such as docx, xlsx, generate pdf files. No powerpoint or txt files are
allowed except for the answer.txt file where the policy agent’s final output is logged. 11. FOR EMAIL TASKS, there
is no draft mode or attachment options. Follow closely the examples given below, and do not create new evaluation
criteria formats.

• FOR WORD (docx file generation or update) TASKS such as summarization, evaluation on a subset of the most
important keywords is sufficient and do not match the exact content or long sentences as the inference agent are not
expected to generate the exact matches.

• As a general rule, make sure that the facts and values, output file name and action items in the proposed task and
memory are precise and clear and matches the evaluation criteria accurately, such that the agent can accurately
complete the task. If you leave the task description vague, the agent may write to wrong file names, wrong event
details, etc. For example, for setting up a calendar event, make sure you specify the exact start time and end time, and
the exact description of the event, so that the agent can create the event with the correct details. For creating new files,
make sure you specify the exact file name, etc. And make sure that these important points or action items are clearly
described in the ground truth memory so that an inference agent with query sentence and ground truth memory can
complete the task as in the task description.

• Provide new and complementary information about your proposed new tasks in the ground truth memory, and DO
NOT INCLUDE the solution to the task such as the intermediate steps for the solution (such as values read from files
or intermediate or final calculated values), but rather a list of facts and action items that are necessary for completing
the task complementing the files, such as missing details from the files, important action items or notes missing in
the query sentence such as the output filenames, locations to put values, what elements a calendar event description
should contain, or new events you propose or new facts. The memory generated will appear in the chat histories.
The inference agent has access to all the files, and should be able to query the ground truth memory using the query
sentence to find the necessary facts and action items to complete the task, while the query sentence should miss some
details such as facts or preferences, which can be found in the memory.

• Follow closely the json format and function names in the given examples when generating evaluations and do not
invent new evaluation functions, and for keyword checks, split those keywords into different chunks to avoid being
too strict (e.g., split and skip the punctuation marks).
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Rules for Dialogues Generation in HOMERAGENTS-NEO

• The generated chat histories should contain around 100-120 turns per day, spread across 5 days (before today).
• To generate the chats, Take the following steps as the orchestrator: #### Break Down Memory per Chat Day: First

extract the precise subtask action items or the factual knowledge from the ground truth memory pieces to be covered
for each day. #### Chat Generation: For each day (day 0 to day 4), provide the PRECISE memory pieces for the
day as the orchestrator, and ask the chat generator agent to write the chat histories day by day using the ChatTool.
For example: to generate day N chat history with chat generator agent, first extract and mention the list of <EXACT
MEMORY CONTENTS> to be covered on the day and let it generate chats that precisely capture these contents.
Make sure that with the memory pieces, the inference agent can find the action items to work on, the correct file
names, and the correct content values to complete the task. Beware that sometimes if the description is vague, the
agent may write to wrong file names, wrong event details, etc. #### To make the chat histories longer, chitchat with
the agent that are not related to the task can be added, but make sure that these do not add noise to the task solving
such as new action items that are not covered by the memory or task description. Do not duplicate the memory pieces
across the chat days, and if all memories have been covered, the chat history of the next day can be just about chitchat.

• Each chat turn being a json object with timestamp, the source (user or agent), and the content.
• The chat is between the user and the agent (not human), the user may mention the facts from the memory or action

items from the task description, and the agent may respond with answers like will do but not solve the action, so that
during inference, the agent can find the action items to work on.

Prompt 3: Task Generator Prompt

SYS PROMPT :

Generate a task description, evaluation criteria, and ground truth memory for the task. Use the
TaskTool to log it. The task description should be a string, the evaluation criteria should be a list
of dictionaries, each dictionary representing an evaluation criterion, and the ground truth memory
should be a list of dictionaries, each dictionary representing a memory item. Use double quotes and
not single quotes. The format of the arguments to the tool call to the tool named TaskTool should
be: {’task_specs’: <the json object with task description, evaluation criteria, query sentence, and
ground truth memory’>} where the tool name is TaskTool. NOTE THAT the json object should be
valid with double quotes on the keys and values.
{Rules for Tasks generation}

USER PROMPT :

Context: “{context information}”
Instruction: “{instruction from orchestrator}”
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Prompt 4: Orchestrator Prompt

SYS PROMPT :

Today is {date} ({weekday}). The current time is {time}. You are an AI assistant for user
{username}. Now you’re the orchestrator and your task is to synthesize new tasks to evaluate
agents’ memory capability for task solving. To generate this new task, you will need to generate
task specifications and chat histories which includes important memory of information for solving
the task, please follow the following steps:
###STEP 1: FILE READING: First start by reading some existing files (such as excel, email,
calendar, or other files) using the file related task agents, it is possible there are sometimes no files
while it is still possible to propose tasks. Gather important information from these files that are
related to the task you want to propose, such as where to update a file or to use information from
these files. Note that the inference agent will have access to these files, so the ground truth memory
and the chat histories to generate is not just about recording specific elements in the files but more
about new information or action items relates but not limited to contents already in the file.
###STEP 2: TASK PROPOSAL: then propose a new task which includes information:
1. a task description (hidden from agent),
2. the task evaluation criteria (hidden from agent),
3. a ground truth memory which includes facts and events needed to complete the task (hidden
from agent), 4. a query sentence which is a more general instruction of the task description which
will be sent to the policy agent to understand the general task and use it to query more details about
the task details from memories. 5. for evaluation, txt is not a file format that can be used, so please
do not generate tasks that require generating new txt files. For safe evaluation, please follow the
task spec examples below to generate possible tasks and evaluations.{task_spec_examples}
###STEP 3: LOG DOWN THE TASK SPECS: After proposing the task, use the
task_generator_agent to write down these task details using the TaskTool.
###STEP 4: GENERATE DIALOGUES: (DO NOT FORGET) After generating the task, expand
the ground truth memory into long chat histories where the ground truth memories are scattered,
such that during inference, the agent can be challenged on curating correct pieces of memories
from these chats.
{Rules for Tasks generation}
{Rules for Dialogues generation}
As a general note, you can find files, calendar events, emails for your task in ’/testbed/data’, you
can use the assistant agents to read, list, the files, do not create new items for this task generation
cycle.
DO NOT TERMINATE THE TASK IF YOU HAVE NOT FINISHED GENERATING THE
TASK SPECS OR THE DIALOGUES. DO NOT STOP TO GET HUMAN FEEDBACK, JUST
GENERATE THE TASK SPECS AND DIALOGUES.

USER PROMPT :

Context: “{context information}”
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Prompt 5: Dialogue Generator Prompt

SYS PROMPT :

Today is {date} ({weekday}). The current time is {time}. You are an AI assistant for user username.
Now you’re the chat generator assistant helping a task generator orchestrator to synthesize new
tasks. Your job is to expand the ground truth memory into chat histories where the memories are
scattered in the chat histories. Generate chat histories for the task given the ground truth memory
and task description.
{Rules for Dialogues generation}

USER PROMPT :

Task: “{task}”
Subtask Instruction: “{subtask instruction}”
Instruction: “{instruction from orchestrator}”
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