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Figure 1: The CRADLE framework empowers nascent foundation models to perform complex computer tasks
via the same unified interface humans use, i.e., screenshots as input and keyboard & mouse operations as output.

ABSTRACT

Despite the success in specific scenarios, existing foundation agents still strug-
gle to generalize across various virtual scenarios, mainly due to the dramatically
different encapsulations of environments with manually designed observation and
action spaces. To handle this issue, we propose the General Computer Con-
trol (GCC) setting to restrict foundation agents to interact with software through
the most unified and standardized interface, i.e., using screenshots as input and
keyboard and mouse actions as output. We introduce CRADLE, a modular and
flexible LMM-powered framework, as a preliminary attempt towards GCC. En-
hanced by six key modules: Information Gathering, Self-Reflection, Task Infer-
ence, Skill Curation, Action Planning, and Memory, CRADLE is able to under-
stand input screenshots and output executable code for low-level keyboard and
mouse control after high-level planning, so that CRADLE can interact with any
software and complete long-horizon complex tasks without relying on any built-
in APIs. Experimental results show that CRADLE exhibits remarkable generaliz-
ability and impressive performance across four previously unexplored commercial
video games, five software applications, and a comprehensive benchmark, OS-
World. To our best knowledge, CRADLE is the first to enable foundation agents
to follow the main storyline and complete one-hour-long real missions in the com-
plex AAA game Red Dead Redemption 2 (RDR2). CRADLE can also create a city
with nearly a thousand people in Cities: Skylines, farm and harvest parsnips in
Stardew Valley, and trade and bargain with a maximum weekly total profit of 87%
in Dealer’s Life 2. CRADLE can not only operate daily software, like Chrome,
Outlook, and Feishu, but also edit images and videos using Meitu and CapCut.
With a unified interface to interact with any software, CRADLE greatly extends
the reach of foundation agents by enabling the easy conversion of any software,
especially complex games, into benchmarks to evaluate agents’ various abilities
and facilitate further data collection, thus paving the way for generalist agents.
Video demos and code can be found at https://cradle2024acc.github.io/Cradle.

1 INTRODUCTION

Artificial General Intelligence (AGI) has long been a north-star goal for the AI community (Mor-
ris et al., 2023). The recent success of foundation agents, i.e., agents empowered by large mul-
timodal models (LMMs) and advanced tools, in various environments, e.g., web browsing (Zhou
et al., 2023; Deng et al., 2023; Gur et al., 2023; Zheng et al., 2024b;a; He et al., 2024), operating
mobile applications (Yang et al., 2023b; Wang et al., 2024b) and desktop software (Zhang et al.,
2024; Wu et al., 2024), crafting and exploration in Minecraft (Wang et al., 2023b; 2024a; 2023a),
and some robotics scenarios (Huang et al., 2022; Brohan et al., 2023b; Driess et al., 2023; Brohan
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et al., 2023a), have shown promise. However, current foundation agents still struggle to generalize
across different scenarios, primarily due to the dramatic differences in the encapsulation of environ-
ments with human-designed observation and action space. Therefore, developing foundation agents
applicable to various environments remains extremely challenging.

Computers, as the most important and universal interface that connects humans and the increasing
digital world, provide countless rich software, including applications and realistic video games for
agents to interact with, while avoiding the challenges of robots in reality, such as hardware require-
ments, constraints of practicability, and possible catastrophic failures (Raad et al., 2024). Mastering
these virtual environments is a promising path for foundation agents to achieve generalizability.
Therefore, we propose the General Computer Control (GCC) setting 1:

Building foundation agents that can master ANY computer task via the universal human-style
interface by receiving input from screens and audio and outputting keyboard and mouse actions.

There are many challenges to achieving GCC: i) good alignment across multi-modalities for better
understanding and decision-making; ii) precise control of keyboard and mouse to interact with the
computer, which has a large hybrid action space, including not only which key to press and where the
mouse to move, but also the duration of the press and the speed of the mouse movement; iii) long-
horizontal reasoning due to the partial observability of complex GCC tasks, which also leads to the
demand for long-term memory to maintain past useful experiences; and iv) efficient exploration in
a structured manner to discover better strategies and solutions autonomously, i.e., self-improving,
which can allow agents to generalize across the various tasks in the digital world.

As shown in Figure 1, we introduce CRADLE, a novel modular LMM-powered framework that
empowers foundation agents towards GCC. CRADLE consists of six key modules: 1) information
gathering, to extract the relevant information from multimodal observations; 2) self-reflection, to
rethink past experiences about whether the actions and tasks are successfully completed and reasons
for possible failures; 3) task inference, to determine whether to continue current tasks or propose a
new task given the current situation; 4) skill curation, to generate, update, and retrieve useful skills
for the current task; 5) action planning, to generate specific executable operations for keyboard and
mouse control via skills; and 6) memory, for storage, summary, and retrieval of past experiences.

As illustrated in Figure 2, tasks in GCC can be broadly divided into two categories: video game
playing and software application manipulation. Video games offer the most challenging tasks in
GCC due to several key factors. First, the complexity of game environments requires sophisticated
problem-solving and adaptive strategies. Second, long-term reasoning is essential to navigate and
succeed in these intricate virtual worlds. Third, understanding and mastering new, complex mechan-
ics within games demand rapid learning and cognitive flexibility. Finally, video games test a player’s
ability to react quickly and perform precise control and operations, which together create a unique
and demanding computational challenge. In addition to the typical embodied control, classical UI
manipulation, like menu use and inventory management, is also common during gameplay, which is
similar to the other software applications (Raad et al., 2024). Therefore, video games provide rich
comprehensive and challenging testbeds to evaluate and improve agents’ various abilities.

In this work, we conduct extensive experiments to demonstrate the generalizability of CRADLE in
such complex environments, while also mastering diverse everyday software applications in distinct
domains. We managed to prove that commercial software is out-of-box testbeds under our frame-
work. The four selected representative games are: epic AAA 3D role-playing game, RDR2, 2D
pixel-art farming simulation game, Stardew Valley, pawn shop simulation game, Dealer’s Life 2,
and 3D, top-down view, city-building game, Cities: Skylines. The target set of diverse software ap-
plications for evaluation includes: Chrome, Outlook, CapCut, Meitu, and Feishu, as well as one
comprehensive software benchmark, OSWorld (Xie et al., 2024). We provide a brief introduction
to these games in Appendix A, and representative designed tasks for measuring the various abilities
of the agent comprehensively in both games and software applications in Appendix Figure 9.

Experimental results show that CRADLE exhibits remarkable generalization ability and impressive
performance across the four previously unexplored commercial video games, the five target software
applications, and the comprehensive contemporaneous OSWorld benchmark. To our best knowl-
edge, CRADLE is the first to enable LMM-based agents to follow the main storyline and complete
one-hour-long real missions in a complex AAA game, RDR2. CRADLE also manages to create a
city with nearly a thousand people in Cities: Skylines, farm and harvest parsnips in Stardew Valley,

1This setting can be seamlessly extended to other digital devices, i.e., mobile phones, game controllers, and
virtual reality headsets with standard input and output.
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Figure 2: Taxonomy of GCC and the games and software investigated in this work.
trade and bargain with a maximal weekly total pro�t of 87% in Dealer's Life 2. Besides,CRADLE
can not only operate daily software, like Chrome and Outlook, but also edit images and videos using
Meitu and CapCut, and perform of�ce tasks in Feishu. Able to interact with software in a uni�ed
manner,CRADLE greatly extends the reach of AI agents by making it easy to convert any software,
especially complex games, into benchmarks to evaluate agents' various abilities and facilitate further
data collection, paving the way for generalism. We hopeCRADLE can accelerate the development
of more powerful foundation agents, thereby advancing the path towards AGI.

2 RELATED WORK

Agents for Software Applications. While previous LLM-based web agents (Deng et al., 2023;
Zhou et al., 2023; Gur et al., 2023; Zheng et al., 2024b) show some promising results in effectively
interacting with content on webpages, they usually use raw HTML code and DOM tree as input and
interact with the available element IDs, ignoring the rich visual patterns with key information, like
icons, images, and spatial relations. Multimodal web agents (Hong et al., 2023; Furuta et al., 2023;
Yan et al., 2023; He et al., 2024; Zheng et al., 2024a) and mobile app agents (Yang et al., 2023b;
Wang et al., 2024b) have also been explored. Though using screenshots as input, they still need
to use built-in APIs to get the available interactive element IDs to execute corresponding actions.
Several recent works (Cheng et al., 2024; Zhang et al., 2024; Wu et al., 2024; Kapoor et al., 2024)
aim to apply web agents to more applications by using keyboard and mouse for control. However,
they primarily focus on the static websites and lack the generalizability to other domains.

Agents for Video Games. Several attempts try to develop foundation agents for complex video
games, such as Minecraft (Wang et al., 2023b;a; 2024a), Starcraft II (Ma et al., 2023) and
Civilization-like game (Qi et al., 2024) with textual observations obtained from internal APIs and
pre-de�ned semantic actions. Although JARVIS-1 (Wang et al., 2023a) claims to interact with the
environment in a human-like manner with the screenshots as input and mouse and keyboard for
control, its action space is prede�ned as a hybrid space composed of keyboard, mouse, and API.
The game-speci�c observation and action spaces prohibit the generalization of them to other novel
games. SIMA(Raad et al., 2024) trained embodied agents to complete 10-second-long basic tasks
over ten 3D video games, and the results are promising to be scaled up.

Due to the space limitation, we provide a detailed discussion of the related work in Appendix B.

3 THE CRADLE FRAMEWORK

To pursue GCC, we proposeCRADLE , illustrated in Figure 3, a modular and �exible LMM-powered
framework that can properly handle the challenges GCC presents. The framework should have the
ability to understand and interpret computer screens and dynamic changes between consecutive
frames from arbitrary software and be able to generate reasonable computer control actions for
precise execution. This suggests that a multimodal model with powerful vision and reasoning capa-
bilities, in addition to rich knowledge of computer UI and control, is a requirement. In this work,
we leverage GPT-4o (OpenAI, 2024b) as the framework's backbone model.

3.1 ENVIRONMENT IO

Observation and Action Space. CRADLE only takes a video clip, recording the execution of
the last action, as input and outputs keyboard and mouse operations to interact with environments.
The observation space is made up of complete screen videos with different lengths. For the action
space, it includes all possible keyboard and mouse operations, includingkey_press , key_hold ,
key_release , mouse_move, andwheel_scroll , where keys include both keyboard keys

3
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Figure 3: An overview of theCRADLE framework. CRADLE takes video from the computer screen as input
and outputs computer keyboard and mouse control determined through inner reasoning.

and mouse buttons. These operations can be combined in various ways to form combos and short-
cuts, execute rapid key sequences, or coordinate timings. We choose to use Python code to simulate
these operations and encapsulate them into anio_env class.

Information Gathering. Provided with a video clip as input, it is critical forCRADLE to capture
and extract all useful visual and textual information to understand the recent situation and perform
further reasoning. Visual information includes layout, imagery, animations, and UI elements which
pose high spatial perception and visual understanding requirements for LMM models. Moreover, we
depend on their OCR capabilities to extract textual information in images, which usually includes
content (headings and paragraphs), navigation labels (menus and links), noti�cations, and instruc-
tions to convey messages and guide users. For each environment, we enhance LMMs' abilities with
different tools such as template matching (Brunelli, 2009), Grounding DINO (Liu et al., 2023), and
SAM (Kirillov et al., 2023) to provide additional grounding for object detection and localization.

Skill and Action Generation As shown in Figure 4, to bridge the gap between semantic actions
generated by LMMs and OS-level executable actions,CRADLE uses LMMs to generate code func-
tions as semantic-level skills, which encapsulate lower-level keyboard and mouse control. Similar
to how humans improve while playing, these skills can be developed from scratch according to in-
game tutorials and guidance, game manuals and settings, or through self-exploration as the game
progresses. These skills can also be pre-de�ned or composited to solve more complex tasks. An ac-
tion usually consists of a single or multiple skills instantiated with any necessary parametric aspects,
such as duration, position, and speed. AnExecutorwill be triggered to map these semantic actions
to the OS-level keyboard and mouse commands to interact with the environment.

3.2 MEMORY

CRADLE stores and maintains all the useful information from the environment or outputted by each
module through a memory mechanism, consisting of episodic memory and procedural memory.

Episodic Memory. Episodic memory is used to maintain current and past experiences, including key
screenshots from each video observation, and everything useful outputted by LMMs and advanced
tools, e.g., textual and visual information, actions, tasks, and reasoning from each module. To
facilitate retrieval and storage, periodical summarization is conducted to abstract recently added

Figure 4: Examples for skill generation according to in-game guidance in RDR2 (left), in-game manual in
Stardew Valley (middle), self-exploration in Cities: Skylines (right). Code and comments are shown in brevity.
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Figure 5: Illustrative examples ofCRADLE 's complete work�ow in RDR2 (left), Stardew Valley (middle) and
Cities: Skylines (right). Prompts are shown partially for brevity.

multimodal information into long-term summaries. The incorporation of episodic memory enables
CRADLE to effectively retain crucial information over extended periods.

Procedural Memory. This memory is speci�c to storing and retrieving skills in code form, which
can be learned from scratch as shown in Figure 4, or pre-de�ned in procedural memory. Skills
can be added, updated, or composed to the procedural memory in the skill curation module. Same
as Voyager (Wang et al., 2024a), skills are retrieved according to the similarities between their
corresponding embedding and task description.

3.3 REASONING

Based on the extracted information from observations and memory,CRADLE conducts high-level
reasoning and then makes the next decision. This process is analogous to “re�ect on the past, sum-
marize the present, and plan for the future”, which is broken down into the following modules.

Self-Re�ection. The re�ection module initially evaluates whether the last executed action was suc-
cessfully carried out and whether the task was completed. Sequential key screenshots from the last
video observation, along with the previous context for action planning and task inference are fed
to the LMM for reasoning. Additionally, we also request the LMM to provide an analysis of any
failure. This valuable information enablesCRADLE to remedy inappropriate decisions or less-than-
ideal actions. Furthermore, re�ection can also be leveraged to inform re-planning of the task and
bring the agent closer to target task completion, better understand the factors that led to previous
successes, or suggest how to update or improve speci�c skills.

Task Inference. After re�ecting on the outcome of the last executed action,CRADLE needs to
analyze the current situation to infer the most suitable task for the current moment. We let LMMs
determine the highest priority task to perform and when to stop an ongoing task and start a new one.

Skill Curation. As the task is speci�ed,CRADLE needs to prepare the tactics to accomplish it,
by retrieving useful skills from the procedural memory, updating existing skills, or generating new
ones. The new skill will be stored in the procedural memory for future utilization.

Action Planning. CRADLE needs to select the appropriate skills from the curated skill set and
instantiate these skills into a sequence of executable actions by specifying any necessary parametric
aspects (e.g.,duration, position, and target) according to the current task and history information.
The generated action is then fed to theExecutorfor interaction with the environment.

5



270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

Under review as a conference paper at ICLR 2025

4 EMPIRICAL STUDIES

In this section, we �rst introduce the practical implementation of the current Cradle framework and
then present the empirical results of deployingCRADLE across various challenging environments
representative of GCC settings, demonstrating its comprehensive capabilities.

4.1 GENERAL IMPLEMENTATIONS

Input. C RADLE appliesgpt-4o-2024-05-13as backbone. It only takes a video clip, which records
the execution progress of the last action, as input. To lower the frequency of interaction with back-
bone models and reduce the strain on the computer, video is recorded at 2 fps, which proves to be
suf�cient in most cases for information gathering without missing any important information.

Skills. CRADLE uses Python code to simulate keyboard and mouse operations, which is encap-
sulated by anio_env class to achieve OS-agnostic interface. Skills are generated based on these
basic operations. We use OpenAI'stext-embedding-ada-002 model(OpenAI, 2022) to generate em-
beddings for each skill, stored in the procedural memory and retrieved according to the similarities.

Prompts. Prompts used by each module are initialized by the corresponding templates in
Markdown-style format. These prompt templates provide a minimal work�ow with basic rules for
the module to run and use placeholders of each key for input and output.CRADLE automatically re-
trieves the corresponding value for each key in the input from the episodic memory and forms valid
requests to query LMMs with the values and templates. After receiving responses from LMMs,
CRADLE automatically extracts the keys in the output and stores them in the episodic memory.
Users can freely customize their own prompts without writing any code.

Apply to new environments.Theoretically,CRADLE can be directly deployed to new video games
or other software applications with the default prompt templates and empty procedural memory. Due
to the limited ability of current LMMs and the complexity of challenging environments and tasks,
prompt engineering may need to be applied to every module to enhance LMMs' reasoning ability
and introduce domain knowledge. Additional tools can also be applied to provide extra grounding
and domain knowledge as part of the prompt input. Procedural memory can be initialized with hand-
craft skills to mitigate the incomplete tutorials provided by the software and the complexity of tasks.
Users may need to analyze the task-speci�c issue and choose a suitable solution. We provide all the
implementation details and prompts we use for each software in Appendices D to K.

Experimental Settings. If not speci�cally mentioned, all experiments are conducted in �ve runs
under a maximum step limit. For each video game, we hired �ve human players, who never played
the corresponding game before, to do the evaluation. Before they start the experiments, they will
read the prompts used by Cradle agents for fair comparison. Every player played the task once.
We apply human evaluation to all tasks, except for OSWorld, which provides automatic evaluation
scripts. Estimated experimental cost of the time and API usage is provided in Appendix C.

Task Introduction. As shown in Figure 6 and 7, forRDR2, we mainly focus on evaluating agents
on the �rst two complete missions of the main storyline in Chapter I, which can be divided into 13
tasks according to the in-game checkpoints, including but not limited to navigation, NPC interaction,
inventory management, house exploration, and combat. It usually takes a human player about an
hour to complete these missions. Few previous studies tackle such long-duration tasks and rich
semantic environments. It is an ideal scenario to emulate a novice player learning to play the game
from scratch according to the rich in-game tutorials and hints. ForStardew Valley, we propose
three essential tasks at the stage of the game,i.e., Farm Clearup: Clear the obstacles on the farm,
such as weeds, stones, and trees, as much as possible to prepare for farming; 2)Cultivation: Plant
the parsnip seed, water every day and harvest at least one mutual parsnip; 3)Shopping: Go to the
general store in the town, which is out of the scope of the current map, to buy more seeds and return
home. ForDealer's Life, the agent is tasked with managing a pawn shop for a week, appraising item
values and haggling with the customers to secure deals. ForCities: Skylines, the task is to build a
reasonable city ending in as much population as possible, with the initial starting funds of• 70,000,
and basic road, water and electricity facilities. Moreover, we de�ne �ve representative domain-
speci�c tasks for each of the �veSoftware Applications in our diverse target set. We provide an
overview of all the tasks for both games and software applications in Appendix Figure 9.

4.2 PERFORMANCE ACROSSENVIRONMENTS

Red Dead Red Redemption 2.Figure 6 shows thatCRADLE can ef�ciently complete simple
navigation tasks with a few steps like following an NPC or going to speci�c locations on the ground
(e.g., Follow Dutch, Go to Townand Go to Barn). Another following task,Follow Javier, and
the searching task,Search John, are dangerous for the rugged and winding path up to the snow

6
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Figure 6: The �rst row demonstrates the trajectory of 13 sequential tasks in the two main storyline missions.
The second row shows the cumulative stepsCRADLE takes to complete each task in the two missions, starting
from the beginning of the game. If a task fails,CRADLE can select the 'retry checkpoint' option to retry the
task. Skills generated during the task completion are also illustrated in the �gure. We only provide key skills
for brevity. Error bars represent the standard deviation of steps needed to complete each task separately.

Figure 7: The �rst row sequentially shows farm clearup, cultivation and shopping in Stardwe Valley and hag-
gling and deal in Dealer's Life 2. The second row sequentially shows road construction, water pipe laying,
wind turbine building, zoning and the display of the city built byCRADLE in Cities: Skylines.

mountain with cliffs. Note that Cradle is able to retry the checkpoint automatically according to the
game guidance if the task fails. Therefore,CRADLE takes more steps for retrying the task in these
dangerous areas. In addition, Cradle spends about one-fourth of the total steps in the task ofProtect
Dutch, which is a long-horizontal task with nighttime combat. Many key skills are generated in this
task for weapon management and shooting movement. The visibility is poor due to the snow falling
in the dark, preventing GPT-4o from accurately recognizing and locating enemies or objects and
precisely timing decisions, even equipped with Grounding DINO as an additional detection tool.
More times of retry, combined with the need for frequent interactions during combat and the long
horizon of the task, lead to this task requiring a large number of steps to complete. The success rate
of the combat has signi�cantly improved during the day with much fewer steps for completion, as
shown by tasks likeKeep Wolves away. Additionally, indoor tasks likeSearch for Suppliesare also
challenging due to GPT4-o's limited spatial perception, which �nds it dif�cult to locate target objects
and ends up circling aimlessly around the house. Moreover, the room contains numerous interactive
items unrelated to the task, resulting in much more steps for the agent to complete the task. Overall,
CRADLE requires approximately 8,000 steps to complete both missions, taking around 98 minutes
of in-game time, compared to the average of 67 minutes for human players. It is the �rst time for
LMM-powered AI agents to exhibit comparable performance in complex AAA games.

Stardew Valley. As shown in Table 1, we surprisingly �nd that GPT-4o struggles with accurately
recognizing and locating objects near the player in this pixel-art game. This leads to dif�culties for
the agent to interact with objects or people, as it requires the player to stand precisely in front of them
in the grid (e.g.,when entering doors, using a pickaxe to break stones). It explains the inef�ciency
in the farming task though the agent manages to clear up most of the obstacles in front of the house
within 100 steps and poor performance in the shopping task. On the other hand, relying on episodic
summarization and task inference,CRADLE manages to obtain the parsnip by watering the seed for
four days and harvesting. Given GPT-4's limited visual capabilities in this game, there is still room
for improvement in narrowing the gap betweenCRADLE and human players.
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Table 1: CRADLE 's and human
players' performance in Stardew
Valley, Dealer's Life 2 and Cites:
Skylines with each trial run for at
most 100, 500, 1000 steps respec-
tively. 1=5 indicates one successful
run out of �ve runs.

Stardew Valley

Task Cradle Human

Farm Clearup
(Grids Num.)

14.8
� 5.0

35.2
� 14.5

Cultivation 4=5 5=5

Shopping 1=5 5=5

Dealer's Life 2

Metrics Cradle Human

Avg. Haggling
Count

1.95
� 0.43

1.63
� 0.53

Turnover
Rate (%)

93.6
� 6.9

68.4
� 22.2

Item Pro�t
Rate (%)

37.8
� 19.1

21.1
� 13.6

Total Pro�t
Rate (%)

39.6
� 27.3

17.3
� 15.1

Cities: Skylines

Metrics Cradle Human

Closed-loop Road 4=5 5=5

Water Supply 1=5 3=5

Power Supply 5=5 5=5

Zoning Coverage 4=5 4=5

Population 450
� 224

415
� 416

Dealer's Life 2. Table 1 shows thatCRADLE demonstrates
robust performance and ef�cient pro�t-making on theWeekly
Shop Managementtask, successfully �nalizing 93.6% of poten-
tial transactions, with an average of 2 negotiation rounds per cus-
tomer, and generally aiming for a pro�t rate of over 50% at the
initial offer. It consistently generates pro�t across all runs, main-
taining a total pro�t rate of +39.6%, peaking at +87.4% in a sin-
gle run. In this game,CRADLE signi�cantly outperforms human
players. The achievements are mainly attributed to its cautious
strategy, by bargaining within a smaller range of price variation
but haggling more frequently, resulting in a signi�cantly higher
turnover rate. In contrast, human players usually fail the deal due
to their aggressive strategy by proposing an unreasonable price
and sometimes confusing buying and selling.

Cities: Skylines. Table 1 shows thatCRADLE is able to com-
plete most of the city design with the averaged maximal popu-
lation of 450 and the highest single population exceeding 860.
CRADLE manages to build the roads in a closed loop to ensure
smooth traf�c �ow, place multiple wind turbines to provide suf-
�cient electricity supply and cover more than 90% of available
area with residential, commercial and industrial zones, but fails
to provide suf�cient water supply for all the regions reliably. The
most common failure arises from the missing of water pipes.
CRADLE often fail to connect them with each other to cover
all zones, resulting in localized water shortages in the city, and
preventing new residents from moving in. The issue also arises
from GPT-4o's limited visual understanding, making it dif�cult
to accurately recognize which areas are already covered by the
water pipes. We empirically observed that these mistakes usually
could be �xed within three unit operations (building or removing
a road/facility/a place of zones is counted as one unit operation).
Then cities built byCRADLE can eventually reach a population
of more than one thousand. We provide a detailed case study in
Appendix H.5.2. Overall, as shown in Table 1, without the man-
ual �xes, CRADLE still beats human players even though it suffers from local water storage. Human
players typically pay insuf�cient attention to budget management and tend to allocate a dispropor-
tionate amount of funds to the construction of wind turbines for electricity, resulting in limited road
construction and residential areas to attract residents.

Software Applications. Figure 8 showsCRADLE 's performance across tasks on �ve applications.
Multiple tasks remain challenging. Even with a well-known GUI, like Chrome and Outlook, GPT-4o
still cannot recognize speci�c UI items to interact with and also struggles with visual context. For ex-
ample, forgetting to press the Save button in an open dialog, or not distinguishing between a nearby
enabled button vs. a distant and disabled one (e.g.,when posting on Twitter). The phenomenon is
more severe in the UI with non-standard layouts, like CapCut, Meitu, and Feishu. Lacking prior
knowledge by GPT-4o leads to the failure of task inference and selecting the correct skills.

Figure 8: Cradle's performance in software applications. Each task is run for 5 trials.
Table 2: Success rates (%) of different methods in OSWorld.

Method
Of�ce
(117)

OS
(24)

Daily
(78)

Work�-
ow(101)

Professi-
onal (49)

All
(369)

GPT-4o 3.58 8:33 6:07 5.58 4:08 5:03
GPT-4o+SoM 3.58 20.83 3:99 3:60 2:04 4:59

CRADLE 3.58 16:67 6.55 5:48 20.41 7.81

OSWorld. Table 2 shows thatCRADLE
achieves the overall highest success rate in
OSWorld, compared to the baselines with-
out relying on any internal APIs to provide
extra grounding labels,e.g., Set-of-Mark
(SoM) (Yang et al., 2023a). The informa-
tion gathering module improves ground-
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ing for more precise action execution, increasing the performance. The self-re�ection module en-
ables Cradle to predict infeasible tasks and subsequently �x mistakes, shown in the Professional
domain results, where it achieves a20:41%success rate, signi�cantly surpassing the baselines.

4.3 BASELINE COMPARISON

Since no existing methods are fully applicable to the GCC setting, we select several representative
methods with necessary adaptions to make them applicable to GCC, labeling them as "like" in Table
3. Compared toCRADLE , React (Yao et al., 2023)-like method only has gather information, skill
curation, action planning and procedural memory module, while Re�extion (Shinn et al., 2023)-like
method adds a self-re�ection and episodic memory, compared to React-like. To show the neces-
sity of multimodal input without access to APIs, we let GPT-4o describe the image and then feed
the textual description to Voyager (Wang et al., 2024a)-like as input. Additionally, experiments
with GPT-4o and Claude 3 Opus (Anthropic, 2024) as backbone are conducted. Due to the limita-
tion of requests per minute, other prompting methods like self-consistency (Wang et al., 2022) and
TOT (Yao et al., 2024) are not considered. Note that methods here refer to the agents initialized by
the corresponding framework with game-speci�c implementations.

Table 3: Baseline comparison for �ve task in RDR2 and one task in Stardew Valley (Cultivation). Numbers
before the brackets are average steps for completion. N/A indicates failure for all trials. Every task is run 5
times. Each trial is run for at most 500 steps in RDR2 and 100 steps in Stardew Valley.

Method
Follow
Dutch

Follow
Micah

Hitch
Horse

Protect
Dutch

Search
for SuppliesCultivation

React-like (GPT-4o) 15 � 2 (5=5) 74 � 0 (1=5) N/A N/A N/A N/A
Re�extion-like (GPT-4o) 19 � 4 (5=5) 58 � 14 (2=5) N/A N/A N/A N/A
Voyager-like (GPT-4o) 32 � 12 (3=5) N/A N/A N/A N/A N/A

CRADLE (Claude 3 Opus)30 � 7 (5=5) 52 � 17 (4=5) N/A N/A N/A N/A

CRADLE (GPT-4o)
(Ours)

13 � 3
(5=5)

33 � 3
(5=5)

26 � 5
(4=5)

461 � 0
(1=5)

134 � 0
(1=5)

24 � 4
(4=5)

As shwon in Table 3, all the baseline methods can only complete simple and straightforward tasks
without complex targets and time delays. Compared to React-like method, Re�extion-like method
has better performance in the task ofFollow Micahand still fails to complete more complex tasks,
emphasizing the importance of task inference and procedural memory. Voyager-like method that
loses vision suffers to accomplish tasks and are the worst of all comparison methods.CRADLE
with GPT-4o always has the best performance across all tasks.CRADLE with GPT-4o has the best
performance, while Claude 3 Opus fails frequently due to unreliable OCR ability of the guidance,
leading to incorrect skill generation and failures of complex tasks.

Table 4: Performance of each method in task
Cultivation. The Y-axis shows the stage of
parsnip. Only if the mutual parsnip (shown
on the top of the y-axis) is obtained will this
trial be counted as a success.

Figure 4 provides the detailed performance of each base-
line method in theCultivation task in Stardew Valley.
Without task inference and episodic memory for sum-
marization, even React-like and Re�exion-like methods
sometimes managed to get the parsnip to sprout from the
ground, they failed to harvest it because GPT-4o failed to
recognize the mature parsnip. Episodic memory can help
CRADLE record the days of watering and know when
the crop can be harvested. Voyager-like method strug-
gles with getting out of the house and returning home due
to the lack of visual input. Claude 3 Opus also has dif�-
culties in localizing the position of the character and the
crop. Moreover, it prefers moving characters much more
frequently than GPT-4, resulting in the failure to position
the character in front of the crop.

4.4 ABLATION STUDY

Besides comparing with other baseline methods, we provide a complete ablation study by system-
atically removing each module of Cradle to show the effectiveness in Table 5. We mainly show the
results of 6 consecutive subtasks at the beginning of the main storyline, separated from the tasks of
Follow Micah, Hitch HorseandProtect Dutchin RDR2. Note that the combination of skill curation,
action planning and procedural memory is the minimal unit of our framework. Without any of them,
the agent cannot generate and execute valid actions successfully. So these modules are not ablated.

The most signi�cant decline in agent capabilities arises from the absence of the information gather-
ing module. Without this module, the agent is unable to extract key information in the observation,
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which is critical for all other modules to function effectively. The second largest impact comes from
the lack of the self-re�ection module, which is instrumental in correcting mistakes and recognizing
when the agent is stuck, such as in the subtask ofGo to Shed. Third, the task inference module is
vital for tasks that require strict adherence to guidance, likeSwitch Weapon. In these cases, the in-
game instructions appear only at the beginning of the task, as seen inFollow MicahandGo to Shed.
Lastly, episodic memory becomes increasingly important as tasks grow more complex, requiring
more steps to complete, such as inGo to ShedandCombat, which involve far more steps than other
subtasks. Overall, each module plays a crucial and distinct role in the Cradle framework. Removing
or isolating any of them signi�cantly reduces the agent's effectiveness, underscoring the importance
of their integrated function.
Table 5: Success rates of each variant by systematically removing Cradle's module on six consecutive subtasks
in RDR2. Every subtask is run 5 times. Each of subtasks are run for at most 500 steps.

Subtask
w/o Information

Gathering
w/o Self-
Re�ection

w/o Task
Inference

w/o Episodic
Memory CRADLE

Follow Micah 0% 0% 40% 80% 100%
Hitch Horse 0% 100% 100% 100% 100%
Go to Shed 0% 20% 40% 20% 80%

Peek out of Cover 60% 100% 80% 100% 100%
Switch Weapon 0% 80% 60% 80% 100%

Combat 0% 0% 0% 0% 20%

5 LIMITATIONS AND FUTURE WORK
DespiteCRADLE 's encouraging performance across games and software, several limitations re-
main. i) Due to the limited ability of current LMM models,CRADLE struggles in recognizing out-
of-distribution (OOD) icons and completing OOD tasks, such as games with non-realistic styles,i.e.,
Stardew Valley. As LMMs evolve, they can further improveCRADLE 's performance. ii) Another
general bottleneck for LMM-based agents is the latency caused by the limited inference speed of
LMMs, which can also be alleviated as LMMs evolve (e.g.,Realtime API (OpenAI, 2024a)). iii)
Audio, as an important modality, often plays an important role in games and software; which has
not been considered in this work. The future work will be enablingCRADLE to process the audio
and graphical input simultaneously. iv) As the preliminary attempt towards GCC, mostCRADLE 's
modules need to call LMM explicitly to process the input for best performance, resulting in frequent
interactions with LMM and potentially high costs and long delays. The six modules represent a
problem-solving mindset; as LMM capabilities improve, some or even all of these modules may be
combined into a single request. Exploring other potential GCC frameworks is also promising. v)
In this work, we mainly focus on enabling foundation agents to interact with various software in a
uni�ed manner without taking training into consideration. As SIMA (Raad et al., 2024) has already
shown promising results in a similar setting with trained agents, we will letCRADLE autonomously
explore and improve over environments through RL (Tan et al., 2023) or collect expert demonstra-
tions for supervised learning (Raad et al., 2024). vi) ThoughCRADLE is broadly applicable to any
computer task, only a few selected tasks are investigated in this work. We plan to expand its appli-
cation to a wider range of targets, delve deeper into complex games, and enhance its adaptability
for users. vii) Due to the large scope of the experiments conducted in this work, the number of
runs for each task and human participants are limited. A more comprehensive evaluation can be
bene�cial. CRADLE holds great potential to improve effective general computer task completion
and boost research and deployment of foundation agents. However, there is also a risk of unintended
or unsuitable usage, including developing game cheats, incorrect operations of software with harm-
ful failures, or other negative agent behavior. Therefore, additional regulations or safeguards are
required for secure and responsible deployments across digital and physical environments.

6 CONCLUSION
We introduce GCC, a general and challenging setting to control diverse video games and software
with a uni�ed and standard interface, paving the way towards general foundation agents across all
digital world tasks. To properly address the challenges GCC presents, we propose a novel frame-
work, CRADLE , which exhibits strong performance in reasoning and performing actions to accom-
plish various missions in a set of complex video games and common software applications. To the
best of our knowledge,CRADLE is the �rst framework that enables foundation agents to succeed in
such a diverse set of environments without relying on any built-in APIs. The success ofCRADLE
greatly extends the reach of foundation agents and demonstrates the feasibility of converting any
software, especially complex games, into benchmarks to evaluate agents' general intelligence and
facilitate further data collection for self-improvement. AlthoughCRADLE still faces dif�culties in
certain tasks, it serves as a pioneering work to develop more powerful LMM-based agents towards
GCC, combining both further framework enhancements and new advances in LMMs.
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A GAME & TASK INTRODUCTION

The four selected representative games are:

• Red Dead Redemption 2(RDR2), an epic AAA 3D role-playing game (RPG) with rich story-
lines, realistic scenes, and an immersive open-ended world; where players can complete missions
by following the instructions, freely explore the world, interact with non-player characters (NPCs)
and engage in a variety of activities such as hunting and �shing, in a �rst- or third-person perspec-
tive. This game offers great challenges in 3D embodied navigation and interaction.

• Stardew Valley, a 2D pixel-art farming simulation game where players can restore and expand
a farm through carefully planned activities such as planting crops, mining, �shing, and crafting.
Players can build relationships with the villagers, participate in seasonal events, and uncover the
mysteries of the valley. The game encourages strategic planning and time management, as each
day brings new opportunities and challenges. Players have to balance their energy and resources
to maximize their farm's productivity and pro�tability.

• Dealer's Life 2, a simulation game where players manage a pawn shop. They must assess the
value of items, haggle with customers, and make strategic decisions to grow their business. The
game offers a dynamic market in�uenced by trends, customer preferences, and random events,
requiring players to adapt and re�ne their negotiation tactics.

• Cities: Skylines, a 3D, top-down view, city-building game where players take on the role of
a city mayor, tasked with the development and management of a thriving metropolis, engaging
in urban planning by controlling zoning, road placement, taxation, public services, and public
transportation in an area. They must balance the needs and desires of the population with the
city's budget, addressing issues such as traf�c congestion, pollution, and citizen satisfaction. The
game provides a sandbox environment where creativity and strategic thinking are key to building
ef�cient and aesthetically pleasing urban landscapes. It also requires highly precise mouse control.

Figure 9: Overview of all game tasks (left) in RDR2, Stardew Valley, Cities: Skylines, and Dealer's Life 2 and
application tasks (right) in Chrome, Outlook, CapCut, Meitu, and Feishu.

B EXTENDED RELATED WORK

B.1 ENVIRONMENTS AND BENCHMARKS FORCOMPUTERCONTROL

Environments and Benchmarks on Software Applications. Simulated environments on com-
puters have been popular benchmarks and testbeds for the research community. Earlier computer
control environments primarily focused on web navigation tasks (Shi et al., 2017; Liu et al., 2018;
Yao et al., 2022; Deng et al., 2023; Zhou et al., 2023; Koh et al., 2024). Recent benchmarks start
to include various common software (Kapoor et al., 2024; Xie et al., 2024), aiming to develop a
generalist agent in the digital world. However, none of them takes video games into consideration,
missing a key component of computer control.
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Environments and Benchmarks on Video Games. On the other side, many research environ-
ments are built on top of video games, signi�cantly advancing the study of decision-making, espe-
cially, reinforcement learning (RL). Examples include but are not limited to Atari games (Bellemare
et al., 2013), Super Mario Bros (Kauten, 2018), Google Research Football (Kurach et al., 2020),
Minecraft (Johnson et al., 2016; Guss et al., 2019; Fan et al., 2022), Dota II (Berner et al., 2019),
StarCraft II (Vinyals et al., 2019; Samvelyan et al., 2019; Ellis et al., 2023), Quake III (Jaderberg
et al., 2019), Gran Turismo (Wurman et al., 2022), Diplomacy (Bakhtin et al., 2022) and Civiliza-
tion (Qi et al., 2024). Additionally, many custom-built environments, especially grid world and
embodied scenarios, are created from scratch in a game-like manner to facilitate agent development,
such as BabyAI (Chevalier-Boisvert et al., 2019), Melting Pot (Leibo et al., 2021), Overcooked (Car-
roll et al., 2019; Wu et al., 2021; Xiao et al., 2022), VRKitchen (Gao et al., 2019), VirtualHome (Puig
et al., 2018), iGibson (Shen et al., 2021; Li et al., 2021), ProcTHOR (Deitke et al., 2022), Habi-
tat (Manolis Savva* et al., 2019; Szot et al., 2021; Puig et al., 2023), and Generative agents (Park
et al., 2023).

Each of these environments highly relies on the accessibility of the open-source code or provided
built-in APIs. Signi�cant human efforts are required for implementation and encapsulation, enabling
agent interaction. Therefore, despite the abundance of software and games available for human use,
only a limited number are accessible to agents, especially for commercial closed-source games and
software applications. Additionally, the lack of consensus on environment standards further com-
plicates the interaction, as each environment has speci�c observation and action spaces, tailored to
its unique requirements. This variation exacerbates the challenge of enabling agents to interact with
diverse environments and collect data with a consistent level of �ne-grained semantics to improve
the agent's capabilities. Few agents can complete tasks across multiple environments so far.

Similar to OpenAI Universe (OpenAI, 2016) and SIMA (Raad et al., 2024), our goal is to explore
a uni�ed way that allows agents to interact for measuring and training agents' abilities across a
wide range of games, websites, and other applications without heavy human efforts needed. This
approach aims to prove that diverse software applications and games can serve as out-of-the-box
environments for AI development.

B.2 LMM- BASED AGENTS FORCOMPUTERTASKS

Agents for Software Manipulation. Agents for software applications are developed to complete
tasks such as web navigation (Zhou et al., 2023; Deng et al., 2023; Mialon et al., 2023) and software
application control (Rawles et al., 2023; Yang et al., 2023b; Kapoor et al., 2024). While previous
LLM-based web agents (Deng et al., 2023; Zhou et al., 2023; Gur et al., 2023; Zheng et al., 2024b)
show some promising results in effectively interacting with content on webpages, they usually use
raw HTML code and DOM tree as input and interact with the available element IDs, ignoring the rich
visual patterns with key information, like icons, images, and spatial relations. Recently, multimodal
web agents (Yan et al., 2023; Gao et al., 2023; He et al., 2024; Zheng et al., 2024a; Niu et al.,
2024; Zhang et al., 2024; Wu et al., 2024) and mobile app agents (Yang et al., 2023b; Wang et al.,
2024b) have been explored. Though using screenshots as input, they still rely on built-in APIs
and advanced tools to get internal information, like available interactive element IDs, to execute
corresponding actions, which greatly limits their applicability. Other train-based agents (Hong et al.,
2023; Furuta et al., 2023; Cheng et al., 2024) also suffer from generalizing to unseen software and
tasks. Moreover, all of these works primarily focus on static websites and software, which greatly
reduces the need for timeliness and simpli�es the setting by ignoring the dynamics between adjacent
screenshots,i.e., animations, and incomplete action space without considering the duration of the
key press and different mouse mode. It results in the failure of deployment to the tasks with rapid
graphics changes,e.g.,game playing.

Agents for Game Playing. Several attempts try to develop foundation agents for complex video
games, such as Minecraft (Wang et al., 2023b;a; 2024a), Starcraft II (Ma et al., 2023) and
Civilization-like game (Qi et al., 2024) with textual observations obtained from internal APIs and
pre-de�ned semantic actions. Although JARVIS-1 (Wang et al., 2023a) claims to interact with the
environment in a human-like manner with the screenshots as input and mouse and keyboard for
control, its action space is prede�ned as a hybrid space composed of keyboard, mouse, and API.
The game-speci�c observation and action spaces prohibit the generalization of them to other novel
games. Pre-trained with videos with action labels, VPT (Baker et al., 2022) manages to output mouse
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and keyboard control with raw screenshots as input without any additional information. However,
collecting videos with action labels is time-consuming and costly, which is dif�cult to generalize
to multiple environments. Another concurrent work, SIMA (Raad et al., 2024) trained embodied
agents to complete 10-second-long tasks over ten 3D video games. Though their results are promis-
ing to scale up, they focus on behavior cloning with gameplay data from human experts, resulting in
a high expense.

In both targeting complex video games and diverse software applications,CRADLE attempts to
explore a new way to ef�ciently interact with different complex environments in a uni�ed manner
and facilitate further data collection. In a nutshell, to our best knowledge, there are currently no
agents under the GCC setting, reported to show superior performance and generalization in complex
video games and across computer tasks. In this work, we make a preliminary attempt to explore
and benchmark diverse environments in this setting, applying our framework to diverse challenging
environments under GCC and proposing an approach where any software can be used to benchmark
agentic capabilities in it.

C EXPERIMENTAL COST

Table 6: Financial and time-related costs of running all the tasks once in each environment or domain.

RDR2
Cities:

Skylines
Stardew
Valley

Dealer's
Life 2

Software
Apps OSWorld Total

Tasks Num. 14 1 3 1 25 369 -
Input Tokens 600M 150M 60M 25M 45M - -

Output Toekns 20M 7.5M 4M 1M 2.5M - -
Cost (USD) $3300 $862.5 $345 $140 $262.5 $500 $5410

Time 240 hrs 60 hrs 30 hrs 20 hrs 50 hrs 240 hrs 640 hrs

Table 6 shows the approximate cost of experiments in Section 4.2 with gpt-4o-2024-05-13. Base-
lines comparison and ablation studies are not included. Since all the tasks were run 5 times except
for OSWorld once, the total cost of getting all the results shown in Section 4.2 is approximately
5400 USD. claude-3-opus-20240229 will roughly use 3X more money and 2X more time compared
to gpt-4o-2024-05-13, due to its higher price and longer latency. We also want to note that with the
latest model, gpt-4o-2024-08-06, the cost will be halved. We estimate that costs will decrease by
one or two orders of magnitude in the coming few years. Then the cost will be affordable to every
researcher and developer.

D GENERAL IMPLEMENTATION

Here we introduce the general implementation details ofCRADLE . For specialized implementations
addressing issues unique to their own environment, please refer to the corresponding section.

Hardware. All software and games can be run on regular Windows 10 machines, except for RDR2,
which is tested on machines with RTX-4090 GPU separately.

Backbone Model. We employ GPT-4o (OpenAI, 2024b), currently one of the most capable LMM
models, as the framework's backbone model. If not mentioned explicitly, all the experiments are
done withgpt-4o-2024-05-13. Temperature is set to 0 to lower the variance of the text generation.
Same as Voyager (Wang et al., 2024a), we use OpenAI'stext-embedding-ada-002 model(OpenAI,
2022) to generate embeddings for each skill, stored in the procedural memory and retrieved accord-
ing to the similarities.

Evaluation Methods. Unlike conventional research benchmarks, which usually provide grounding
signals for evaluation, it is dif�cult to have a uni�ed and general method to determine whether a task
is completed automatically in diverse software, especially in video games. Similarly to SIMA (Raad
et al., 2024), we apply human evaluation to all tasks across application software and games. More-
over, to provide more quantitative results and a comparison baseline, we provide results for the
OSWorld (Xie et al., 2024) benchmark, a contemporaneous benchmark that provides evaluation
scripts for at least one solution per task.
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Observation Space. CRADLE only takes a video clip, which records the progress of execution of
the last action, as input. To lower the frequency of interaction with backbone models and reduce the
strain on the computer, video is recorded at 2 fps (a screenshot every 0.5 seconds), which proves
to be suf�cient in most cases for information gathering without missing any important information.
It is important to note that, due to the dynamism of the RDR2 and Stardew Valley and the LMM
inference and communication latency, we must pause those game environments while waiting for
backbone model responses. Other environments execute continuously.

Action Space.For the action space, it includes all possible keyboard and mouse operations, includ-
ing key_press , key_hold , key_release , mouse_move, mouse_click , mouse_hold ,
mouse_release , andwheel_scroll , which can be combined in different ways to form com-
bos and shortcuts, use keys in fast sequence, or coordinate timings. We choose to use Python code
to simulate these operations and encapsulate them into anio_env class. Skill code needs to be
generated by the agent in order to utilize such functions and affordances so executed actions take
effect. Table 7 illustratesCRADLE 's action space.

Table 7: Action space in theCRADLE framework, including action attributes. Coordinate system is either
absoluteor relative. Actions with durations can be eithersynchronousor asynchronous.

Type Action Attributes

Keyboard

Key Press Key name (string),
Key press duration (seconds:�oat)

Key Hold Key name (string)
Key Release Key name (string)

Key Combo
Key names (strings),
Key combo duration (seconds:�oat),
Wait behaviour (sync/async)

Hotkey
Key names (strings),
Hotkey sequence duration (seconds:�oat),
Wait behaviour (sync/async)

Text Type String to type (string),
Typing duration (seconds:�oat)

Mouse

Button Click Mouse button (left/middle/right),
Button click duration (seconds:�oat)

Button Hold Mouse button (left/middle/right)
Button Release Mouse button (left/middle/right)

Move

Mouse position (width:int, height:int),
Mouse speed (seconds:�oat),
Coordinate system (relative/absolute),
Tween mode (enum)2

Scroll
Orientation (vertical),
Distance (pixels:int),
Duration (seconds:�oat)

Wait Noop -

It is important to note that, while some works (e.g., AssistantGUI (Gao et al., 2023), Omni-
ACT (Kapoor et al., 2024) and OSWorld (Xie et al., 2024)) usePyAutoGUI 3 for keyboard and
mouse control, this approach does not work in all applications, particularly in modern video games
using DirectX4. Moreover, such work chooses to expose a subset of the library functionality in its
action space, ignoring dimensions like press duration and movement speed, which are critical in
many scenarios (e.g.,RDR2, for opening the weapon wheel and changing view).

3Python library that provides a cross-platform GUI automation module -https://github.com/
asweigart/pyautogui

4Microsoft DirectX graphics provides a set of APIs for high-performance multimedia apps -https://
learn.microsoft.com/en-us/windows/win32/directx
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To ensure wide game and software compatibility and accommodate different operating systems, in
our current implementation we use the similarPyDirectInputlibrary 5 andPyAutoGUIfor keyboard
control, utilizeAHK 6 and write our own abstraction (using thectypeslibrary 7) to send low-level
mouse commands to the operating system for mouse control. For increased portability and ease of
maintenance, all keyboard and mouse control is encapsulated in a class, calledIO_env.

Notably, our low-level control wrapper is adapted for both MacOS and Windows systems, mak-
ing the OS transparent to us. At the software window level, we implemented automatic switching
between the target software window and the window running the agent (using Pythonctypesfor
Windows andAppleScriptfor MacOS8).

Procedure Memory. This memory stores pre-de�ned basic skills and the generated skills captured
from theSkill Curation. However, as we continuously obtain new skills during game playing, the
number of skills in procedural memory keeps increasing, and it is hard for GPT-4o to precisely select
the most suitable skill from the large memory. Thus, similar to Voyager (Wang et al., 2024a), we
use OpenAI'stext-embedding-ada-002 model(OpenAI, 2022) to generate embeddings for each skill
and store pre-de�ned basic skills and any generated skills captured fromSkill Curation, along with
their embeddings in a procedural memory. We retrieve a subset of skills, that are relevant to the
given task, and then let GPT-4o select the most suitable one from the subset. In the skill retrieval,
we pre-compute the embeddings of the documentations (code, comments and descriptions) of skill
functions, which describe the skill functionality, and compute the embedding of the given task.
Then we compute the cosine similarities between the skill documentation embeddings and the task
embedding. The higher similarity means that the skill's functionality is more relevant to the given
task. We select the top K skills with the highest similarities as the subset. Using similarity matching
to select a small candidate set simpli�es the process of choosing skills.

Episodic Memory. This memory stores all the useful information provided by the environment and
LMM, which consists of short-term memory and long-term summary.

The short-term memory stores the screenshots within the recent k interactions in game playing and
the corresponding information from other modules,e.g., screenshot descriptions, task guidance,
actions, and reasoning. We set k to �ve, and it can be regarded as the memory length. Information
stored over k interactions ago will be forgotten from direct short-term memory. Empirically, we
found that recent information is crucial for decision-making, while a too-long memory length would
cause hallucinations. In addition, other modules continuously retrieve recent information from short-
term memory and update the short-term memory by storing the newest information.

For some long-horizon tasks, short-term memory is not enough. This is because the completion of
a long-horizon task might require historical information from a long steps ago. For example, the
agent might do a series of short-horizon tasks during a long-horizon task, which makes the original
long-horizon task forgotten in short-term memory. To maintain the long-term valuable information
while avoiding the long-token burden of GPT-4o, we propose a recurrent information summary as
long-term memory, which is the text summarization of experiences in game playing, including the
ongoing task, the past entities that the player met, and the past behaviors of the player and NPCs.

In more detail, we provide GPT-4o with the summarization before the current screenshot and the
recent screenshots with corresponding descriptions, and GPT-4o will make a new summarization
by organizing the tasks, entities, and behaviors in the time order with sentence number restriction.
Then we update the summarization to be the newly generated one, which includes the information
in the current screenshot. The recurrent summarization update, inspired by RNN, achieves linear-
time inference by preserving a hidden state that encapsulates historical input. This method ensures

5Python library encapsulating Microsoft'sDirectInputcalls for convenience manipulating keyboard keys -
https://github.com/learncodebygaming/pydirectinput

6A fully typed Python wrapper around AutoHotkey to keyboard and mouse control -https://github.
com/spyoungtech/ahk

7Python library that provides C compatible data types, and allows calling functions in DLL/.so binaries -
https://docs.python.org/3/library/ctypes.html

8AppleScript is a scripting language created by Apple, which allows users to directly control scriptable
applications, as well as parts of MacOS -https://developer.apple.com/library/archive/
documentation/AppleScript/Conceptual/AppleScriptLangGuide/introduction/
ASLR_intro.html
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the compactness of summarization token lengths and recent input data. Furthermore, the incorpora-
tion of long-term memory enables the agent to effectively retain crucial information over extended
periods, thereby enhancing decision-making capabilities.

Information Gathering. Given the video clip as input, we mainly depend on GPT-4o's OCR capa-
bilities to extract textual information in the keyframes, which usually contain critical guidance and
noti�cations for the current situation. We also rely on GPT-4o's visual understanding to analyze the
visual information in the frames. Besides, we augment LMMs' visual understanding via some tools,
like template matching (Brunelli, 2009), Grounding DINO (Liu et al., 2023), and SAM (Kirillov
et al., 2023), to provide additional grounding for object detection and segmentation. Some visual
prompting tricks, like drawing axes and colorful directional bands, are also applied to enhance the
GPT-4o's visual ability.

Task Inference.After re�ecting on the outcome of the last executed action, We let GPT-4o analyze
the current situation to infer the most suitable task for the current moment and estimate the highest
priority task to perform and when to stop an ongoing task and start a new one.

Skill Curation. GPT-4o is required to strictly follow the provided interfaces and examples to gen-
erate the corresponding code for new skills. Moreover, GPT-4o is required to include documenta-
tion/comments within the generated code, delineating the functionality of each skill.Procedural
Memorywhere skills are stored will then check whether the code is valid, whether the format of
documentation is right, and whether any skill with the same name already exists. If all conditions
are passed, the newly generated skill is persisted for future utilization.

Action Planning. GPT-4o needs to select the appropriate skills from the curated skill set and in-
stantiate these skills into a sequence of executable actions by specifying any necessary parametric
aspects (e.g.,duration, position, and target) according to the current task and history information.
The generated action is then fed to theExecutorfor interaction with the environment.

E RED DEAD REDEMPTION II

E.1 INTRODUCTION TORDR2

Red Dead Redemption II (RDR2) is an epic AAA Western-themed action-adventure game by Rock-
star Games. As one of the most famous and highest-selling games in the world, it is widely ac-
knowledged for its movie-like realistic scenes, rich storylines, and immersive open-ended world.
The game applies a typical role-playing game (RPG) control system, played from a �rst- or third-
person perspective, which uses WASD for movement, mouse control for view changing, �rst- or
third-person shooting for combat, and inventory and manipulation.

For most of the game, players need to control the main character, Arthur Morgan, upon choosing
to complete mission scenarios following the main storyline. Otherwise, they can freely explore the
interactive world, such as going hunting, �shing, chatting with non-player characters (NPCs), train-
ing horses, witnessing or partaking in random events, and participating in side quests. As the main
storyline progresses, different skills are gradually unlocked. As a close-source commercial game,
no APIs are available for obtaining additional game-internal information nor pre-de�ned automation
actions. Following its characteristics, this game serves as a �tting and challenging environment for
the GCC setting and a comprehensive benchmark for embodiment.

E.2 OBJECTIVES

In Chapter 1 of RDR2, the �rst two missions of the main storyline areOutlaws from the West
andEnter, Pursued by a Memory. These missions serve as the tutorial content for RDR2, guiding
players step-by-step into the role of Arthur. They immerse the player in the story's development
while teaching the game's controls and mechanics.

We divided Mission 1 and Mission 2 into 8 and 5 tasks respectively based on the checkpoints within
each mission. Each checkpoint may present failure scenarios. For example, in Mission 1, there are
six failure scenarios: i) Assaults, kills, or abandons Dutch or Micah; ii) Allows Dutch or Micah to be
killed; iii) Abandons the homestead; iv) Assaults, kills, or abandons their horse; v) Assaults, kills,
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Figure 10: Trajectory and success rates of 13 main storyline tasks and 1 open-world task in RDR2. Each task is
run 5 times and each trial is run for at most 500 steps. Long horizontal and challenging tasks likeProtect Dutch
andSearch for Suppliesusually need several times of retry to complete, resulting in the demand for more steps.
It explains the low success rate of these tasks within 500 steps.

or abandons the horse in the barn; vi) Dies. We categorized each sub-task as either "Easy" or "Hard"
based on the likelihood of failure at each checkpoint and the need to retry the checkpoint.

To evaluateCRADLE 's capabilities in an open-world environment, Mission 3 is designed as a hard
open-ended task. Unlike the �rst two tutorial missions, it does not include any checkpoints. Conse-
quently, the entire Mission 3 is treated as a single, comprehensive task. Although we do not subdi-
vide Mission 3 into �ner tasks, we aim to identify key points to facilitate a clearer understanding of
Mission 3 for the reader.

Tables 8 and 9 provide a brief introduction of each task in the �rst two missions of the main storyline
and an open-ended mission, along with approximate estimates of their dif�culty. Due to GPT-4o's
poor performance in spatial understanding and �ne-manipulation skills, it can be challenging for
our agent to perform certain actions, like entering or leaving a building, or going to precise indoor
locations to retrieve speci�c items. Additionally, the high latency of GPT-4o's responses also makes
it harder for an agent to deal with time-sensitive events,e.g.,during combat.

E.3 IMPLEMENTATION DETAILS

Our experiments are based on the latest version of RDR2, `Build 1491.50'. As shown in Figure
14, strictly following the GCC setting, our agent takes the video of the screen as input and outputs
keyboard and mouse operations to interact with the computer and the game. An observation thread
is responsible for the collection of video frames from the screen and each video clip records the
whole in-game process since executing the last action.

Information Gathering. To extract keyframes from the video observation, we utilize the VideoSub-
Finder tool9, a professional subtitle discovery and extraction tool. These keyframes usually contain
rich meaningful textual information in the game, which are highly relevant to the completion of
tasks and missions (such as character status, location, dialogues, in-game prompts and tips, etc.) We
use GPT-4o to extract and categorize all the meaningful contexts in these keyframes and perform
OCR, and call this processing "gathering text information". Then, to save interactions with GPT-4o,
we only let GPT-4o provide a detailed description of the last frame of the video.

While GPT-4o exhibits impressive visual understanding abilities across various CV tasks, we �nd
that it struggles with spatial reasoning and recognizing some game-speci�c icons. To address these
limitations, we add a visual augmentation sub-module within ourInformation Gatheringmodule.
This augmentation step serves two main purposes: i) utilize Grounding DINO (Liu et al., 2023), an
open-set object detector, to output precise bounding boxes of possible targets in an image and serve
as spatial clues for GPT-4o; and ii) perform template matching (Brunelli, 2009) to provide icon
recognition grounding truth for GPT-4o when interpreting instructions or menus shown on screen.
As LMM capabilities mature, it should be possible to disable such augmentation.

9VideoSubFinder standalone tool -https://sourceforge.net/projects/videosubfinder/
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