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Abstract
Developing AI agents capable of interacting with
open-world environments to solve diverse tasks
is a compelling challenge. However, evaluating
such open-ended agents remains difficult, with
current benchmarks facing scalability limitations.
To address this, we introduce Minecraft Universe
(MCU), a comprehensive evaluation framework
set within the open-world video game Minecraft.
MCU incorporates three key components: (1) an
expanding collection of 3,452 composable atomic
tasks that encompasses 11 major categories and
41 subcategories of challenges; (2) a task compo-
sition mechanism capable of generating infinite
diverse tasks with varying difficulty; and (3) a
general evaluation framework that achieves 91.5%
alignment with human ratings for open-ended task
assessment. Empirical results reveal that even
state-of-the-art foundation agents struggle with
the increasing diversity and complexity of tasks.
These findings highlight the necessity of MCU as
a robust benchmark to drive progress in AI agent
development within open-ended environments.
Our evaluation code and scripts are available at
https://github.com/CraftJarvis/MCU.

1. Introduction
Developing AI agents capable of interacting with dynamic
environments—often referred to as “open-world” in the lit-
erature (Parmar et al., 2023)—to solve diverse tasks remains
a long-standing challenge in Artificial Intelligence (Kejri-
wal et al., 2024). Among the various environments used
to study AI agents, games have emerged as a prominent
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choice, as they provide real-world challenges within pro-
grammable simulators, offering valuable opportunities for
real-world simulation (Bruce et al., 2024; Reed et al., 2022;
Raad et al., 2024). Compared to other digital environments
such as web/apps (Zhou et al., 2023; Qin et al., 2025; Lin
et al., 2024), mobile platforms (Pan et al., 2024; Wang et al.,
2024), and coding IDEs (Xu et al., 2022; Jimenez et al.,
2024; Huang et al., 2023), games present a higher degree of
control complexity, similar to that encountered by physical
robotic agents (Nasiriany et al., 2024; Wang et al., 2023b;
Zhou et al., 2024b). While compared to robotics, games
support long-horizon planning tasks and enable safer and
more efficient testing within sandbox environments.

A crucial aspect of open-ended game agents is their gen-
eralizability. The ultimate goal of developing AI agents is
to deploy them in real, open-world environments, where
they must solve tasks robustly across drastically different
situations. With this in mind, early game agents have been
studied in procedurally generated Atari-like environments
with diverse configurations (Cobbe et al., 2020). Recent
efforts shift toward complex environments with greater free-
dom (Fan et al., 2022; Hafner, 2021; Team et al., 2021),
among which Minecraft stands out. Minecraft is a video
game that provides procedurally generated open-world en-
vironments with a state space exceeding the number of
atoms in the universe (we elaborate on the benefits of using
Minecraft for open-ended game agents in Section 2.1). This
vast environment allows agents to tackle infinite open-ended
tasks using human-like actions in diverse situations.

Despite the numerous advantages of Minecraft as an ex-
perimental environment, we have identified several limita-
tions in existing benchmarks that impede a comprehensive
evaluation of agents’ generalizability. These limitations
include low task quality (Fan et al., 2022), insufficient di-
versity (Hafner, 2021), and the lack of automatic evaluation
suites (Cai et al., 2024c). We further illustrate these issues
in Figure 2. Based on these issues, we find that Minecraft
agents lack a unified benchmark, and each agent is evaluated
on a distinct set of tasks (see Section 4 for further discus-
sion). To address this, we introduce Minecraft Universe
(MCU), an advanced evaluation framework in Minecraft
(Figure 1). MCU encompasses thousands of composable

1

https://github.com/CraftJarvis/MCU


MCU: An Evaluation Framework for Open-Ended Game Agents

tasks and provides a scalable automatic evaluation system,
designed based on the following key principles:

High Task Diversity Task diversity plays a crucial role
in: (1) simulating challenges across various scenarios to
thoroughly evaluate generalizability, and (2) harnessing the
full potential of open-ended game agents capable of solving
a wide range of tasks. MCU emphasizes two key aspects of
task diversity in its implementation: (1)Intra-task diver-
sity: We utilize a large language model (LLM) to dynami-
cally generate task initialization conditions—such as biome,
weather, and player states—introducing variability and ran-
domness that closely mirror real gameplay scenarios (Fig-
ure 1a). (2)Inter-task diversity: We collect 3,452 atomic
tasks within Minecraft, spanning a broad spectrum of chal-
lenges, including precise control (e.g., combat, building),
logical reasoning (e.g., crafting, trading), and knowledge
application (e.g., tool use, animal care) (Figure 1b). These
tasks can further be composed to generate new tasks on a
combinatorial scale as detailed in Section 2.3.

High Task Quality Minecraft imposes numerous con-
straints that render unchecked tasks intractable (Fan et al.,
2022; Yang et al., 2024). For example, the task “mine
diamond with a wooden pickaxe” is infeasible because di-
amonds cannot be mined with such a tool. Similarly, the
task “design and build a transportation system for your city”
from the MineDojo benchmark (Fan et al., 2022) presents
an extreme challenge even for humans. Other issues in-
clude repetitive tasks (Figure 2). To mitigate these issues,
MCU �lters tasks from a wide range of data sources, en-
suring adherence to high-quality standards (Figure 1b left).
Additionally, in the LLM-based task con�guration gener-
ator, we incorporate a series of soft constraints within the
prompt, and implement a re�nement mechanism based on
self-re�ection (Shinn et al., 2023) and the Minecraft simu-
lator's feedback by executing the generated con�guration.
Further implementation details are provided in Section 2.4.

Automated Evaluation Open-ended tasks (Stanley et al.,
2017; Standish, 2003) inherently lack clear success signals
and often depend on human evaluation or manually designed
metrics (Dubois et al., 2024), which hinders scalability. To
address this issue, MCU introduces an automated evaluation
system (AutoEval) based on vision-language model (VLM)
that ful�lls two key objectives: (1) producing evaluation
results that closely align with human judgments, and (2) of-
fering multi-dimensional assessments that go beyond simple
success rates for a comprehensive evaluation for open-ended
tasks (Figure 1c), while the designed “task progress” dimen-
sion is a process-supervised counterpart of 0-1 success rate.
We also show in Figure 1e thatAutoEvalis cost-ef�cient.

Enduring Challenges To ensure that MCU remains a
long-term benchmark for agent development, we adopt two
key strategies: (1) designing tasks with varying levels of dif-
�culty, where increasing complexity introduces additional
challenges such as adverse weather conditions and mislead-
ing factors. While state-of-the-art models achieve moderate
success on simpler tasks, they struggle with more complex
scenarios (Figure 1d). (2) Enabling the composition of
atomic tasks into more intricate tasks. This approach expo-
nentially increases both the number and complexity of tasks,
ensuring that MCU continues to provide a lasting challenge.

2. MCU Benchmark

In this section, we �rst provide an overview of Minecraft
and its game simulator, followed by a detailed outline of the
construction process for the MCU benchmarking pipeline.

2.1. Minecraft Environment

Minecraft is a voxel-based 3D video game that, due to its
popularity and wide variety of mechanics, has become a
prominent domain for RL research (Oh et al., 2016; Tessler
et al., 2017). Much of the prior work focuses on small,
custom-built Minecraft environments with tasks such as nav-
igation (Arumugam et al., 2019; Matiisen et al., 2019), block
placement (Trott et al., 2019; Alaniz, 2018), combat (Uda-
gawa et al., 2016), and other similar activities (Shu et al.,
2017). More recent efforts have shifted towards studying the
full, unmodi�ed human action space, which encompasses
tasks like drag-and-drop inventory management and item
crafting. In this work, we employ unmodi�ed Minecraft ver-
sion 1.16.5 as our testing environment (Guss et al., 2019b),
utilizing mouse and keyboard inputs as the action space and
a 640× 360 RGB image as the observation. The speci�cs
of the action space will be detailed in Table 6.

As mentioned in Section 1, Minecraft serves as a powerful
experimental environment due to its unparalleled diversity,
complexity, and open-ended nature, which enable creative
gameplay and countless possibilities. Below, we outline the
key features that make Minecraft particularly suitable for
open-ended game agent development:

1. Vast State Space.Minecraft provides an extraordinar-
ily large state space, as illustrated in Table 7 with an
intuitive comparison. Its expansive maps, functional
blocks, and diverse mobs result in an immense num-
ber of possible con�gurations. This makes Minecraft
an ideal platform for studying the generalizability of
agents. Additionally, we present illustrative experi-
ments in Appendix D to demonstrate the importance
of vast state spaces for agent generalization.

2. High Complexity Support. Minecraft supports tasks

2



MCU: An Evaluation Framework for Open-Ended Game Agents

Figure 1: An overview of MCU.a. Benchmarking pipeline.MCU includes two main components:task generationandtrajectory
evaluation. The LLM-based task con�guration generator instantiates the environment with the necessary prerequisites, random factors,
and task descriptions for diverse atomic tasks. These con�gurations are veri�ed using an environment simulator. The VLM-based
evaluator assesses each task trajectory in video form across multiple dimensions, providing comprehensive performance insights. MCU
offers a model-agnostic evaluation interface based on Minestudio (Cai et al., 2024a), making it suitable for various agents.b. Task
category distribution.The atomic task set is sourced from the Minecraft wiki, in-game data, existing benchmarks, and brainstorming
sessions. It spans 11 major categories and 41 subcategories, ensuring highinter-task diversity. For readers unfamiliar with Minecraft, we
illustrate the real-world challenges associated with different task categories to provide context.c. Multi-dimensional capabilities.MCU
evaluation shows that SOTA agents have made progress in overall task completion and material usage, but still have obvious limitations
in creativity and error recognition.d. Intra-task generalizability.Varying dif�culty levels within the same task lead to performance
degradation, which tests the agent's intra-task generalization capability.e. Human vs AutoEval.The automatic evaluation (AutoEval) of
MCU is 8.1� more cost-effective and 4.8� more ef�cient in labeling 30 samples. Best viewed zoomed in.
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