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Figure 1: An illustration of Optimus-1 performing long-horizon tasks in Minecraft. Given the task
“Craft stone sword”, Knowledge-Guided Planner incorporates knowledge from Hierarchical Directed
Knowledge Graph into planning, then Action Controller executes these planning sequences step-by-
step. During the execution of the task, the Experience-Driven Reflector is periodically activated and
retrieve experience from Abstracted Multimodal Experience Pool to make reflection.

Abstract

Building a general-purpose agent is a long-standing vision in the field of artificial
intelligence. Existing agents have made remarkable progress in many domains, yet
they still struggle to complete long-horizon tasks in an open world. We attribute
this to the lack of necessary world knowledge and multimodal experience that can
guide agents through a variety of long-horizon tasks. In this paper, we propose
a Hybrid Multimodal Memory module to address the above challenges. It 1)
transforms knowledge into Hierarchical Directed Knowledge Graph that allows
agents to explicitly represent and learn world knowledge, and 2) summarises histor-
ical information into Abstracted Multimodal Experience Pool that provide agents
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with rich references for in-context learning. On top of the Hybrid Multimodal
Memory module, a multimodal agent, Optimus-1, is constructed with dedicated
Knowledge-guided PlannerandExperience-Driven Re�ector, contributing to a
better planning and re�ection in the face of long-horizon tasks in Minecraft. Exten-
sive experimental results show that Optimus-1 signi�cantly outperforms all existing
agents on challenging long-horizon task benchmarks, and exhibits near human-
level performance on many tasks. In addition, we introduce various Multimodal
Large Language Models (MLLMs) as the backbone of Optimus-1. Experimental
results show that Optimus-1 exhibits strong generalization with the help of the Hy-
brid Multimodal Memory module, outperforming the GPT-4V baseline on various
tasks. Please see the project page at https://cybertronagent.github.io/Optimus-
1.github.io/.

1 Introduction

Optimus Prime faces complex tasks alongside humans in Transformers to protect the peace of
the planet. Creating an agent [44, 13] like Optimus that can perceive, plan, re�ect, and complete
long-horizon tasks in an open world has been a longstanding aspiration in the �eld of arti�cial
intelligence [22, 36, 37, 27, 58]. Early research developed simple policy through reinforcement
learning [7] or imitation learning [1, 25]. A lot of work [47, 50] have utilized Large Language Models
(LLMs) as action planners for agents, generating executable sub-goal sequences for low-level action
controllers. Further, recent studies [52, 33] employed Multimodal Large Language Models (MLLMs)
[4, 39, 56] as planner and re�ector. Leveraging the powerful instruction-following and logical
reasoning capabilities of (Multimodal) LLMs [24], LLM-based agents have achieved remarkable
success across multiple domains [14, 9, 10, 55]. Nevertheless, the ability of these agents to complete
long-horizon tasks still falls signi�cantly short of human-level performance.

According to relevant studies [28, 42, 46], the human ability to complete long-horizon tasks in an
open world relies on long-term memory storage, which is divided into knowledge and experience. The
storage and utilization of knowledge and experience play a crucial role in guiding human behavior
and enabling humans to adapt �exibly to their environments in order to accomplish long-horizon
tasks. Inspired by this theory, we summarize the challenges faced by current agents as follows:

Insuf�cient Exploration of Structured Knowledge : Structured knowledge, encompassing open
world rules, object relationships, and interaction methods with the environment, is essential for agents
to complete complex tasks [34, 44]. However, MLLMs such as GPT-4V1 lack suf�cient knowledge
in Minecraft. Existing agents [1, 25, 7] only learn dispersed knowledge from video data and are
unable to ef�ciently represent and learn this structured knowledge, rendering them incapable of
performing complex tasks.

Lack of Multimodal Experience: Humans derive successful strategies and lessons from information
on historical experience [8, 32], which assists them in tackling current complex tasks. In a similar
manner, agents can bene�t from in-context learning with experience demonstrations [43, 54]. How-
ever, existing agents [47, 51, 33] only consider unimodal information, which prevents them from
learning from multimodal experience as humans do.

To address the aforementioned challenges, we proposeHybrid Multimodal Memory module
that consists ofHierarchical Directed Knowledge Graph (HDKG) andAbstracted Multimodal
Experience Pool(AMEP). For HDKG, we map the logical relationships between objects into a
directed graph structure, thereby transforming knowledge into high-level semantic representations.
HDKG ef�ciently provides the agent with the necessary knowledge for task execution, without
requiring any parameter updates. For AMEP, we dynamically summarize and store the multimodal
information (e.g.,environment, agent state, task plan, video frames, etc.) from the agent's task
execution process, ensuring that historical information contains both a global overview and local
details. Different from the method of directly storing successful cases as experience [52], AMEP
considers both successful and failed cases as references. This innovative approach of incorporating
failure cases into in-context learning signi�cantly enhances the performance of the agent.

1https://openai.com/index/gpt-4v-system-card/
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On top of the Hybrid Multimodal Memory module, we construct a multimodal composable agent,
Optimus-1. As shown in Figure 1, Optimus-1 consists of Knowledge-Guided Planner, Experience-
Driven Re�ector, and Action Controller. To enhance the ability of agents to cope with complex
environments and long-horizon tasks, Knowledge-Guided Planner incorporates visual observation
into the planning phase, leveraging HDKG to capture the knowledge needed. This allows the agent to
ef�ciently transform tasks into executable sub-goals. Action Controller takes the sub-goal and the
current observation as inputs and generates low-level actions, interacting with the game environment
to update the agent's state. In open-world complex environments, agents are prone to be erroneous
when performing long-horizon tasks. To address this, we propose Experience-Driven Re�ector, which
is periodically activated to retrieve relevant multimodal experiences from AMEP. This encourages
the agent to re�ect on its current actions and re�ne the plan.

We validate the performance of Optimus-1 in Minecraft, a popular open-world game environment.
Experimental results show that Optimus-1 exhibits remarkable performance on long-horizon tasks,
representing up to 30% improvement over existing agents. Moreover, we introduce various Multi-
modal Large Language Models (MLLMs) as the backbone of Optimus-1. Experimental results show
that Optimus-1 has a 2 to 6 times performance improvement with the help of Hybrid Multimodal
Memory, outperforming powerful GPT-4V baseline on lots of long-horizon tasks. Additionally, we
veri�ed that the plug-and-play Hybrid Multimodal Memory can drive Optimus-1 to incrementally
improve its performance in a self-evolution manner. The extensive experimental results show that
Optimus-1 makes a major step toward a general agent with a human-like level of performance. Main
contributions of our paper:

• We proposeHybrid Multimodal Memory module which is composed of HDKG and AMEP.
HDKG helps the agent make the planning of long-horizon tasks ef�ciently. AMEP provides re�ned
historical experience and guides the agent to reason about the current situation state effectively.

• On top of the Hybrid Multimodal Memory module, we constructOptimus-1, which consists of
Knowledge-Guided Planner, Experience-Driven Re�ector, and Action Controller. Optimus-1
outperforms all baseline agents on long-horizon task benchmarks, and exhibits capabilities close to
the level of human players.

• Driven by Hybrid Multimodal Memory, various MLLM-based Optimus-1 have demonstrated 2 to 6
times performance improvement, demonstrating the generalization of Hybrid Multimodal Memory.

2 Optimus-1

In this section, we �rst elaborate on how to implement the Hybrid Multimodal Memory in Sec 2.1.
As a core innovation, it plays a crucial role in enabling Optimus-1 to execute long-horizon tasks.
Next, we give an overview of Optimus-1 framework (Sec 2.2), which consists of Hybrid Multimodal
Memory, Knowledge-Guided Planner, Experience-Driven Re�ector, and Action Controller. Finally,
we introduce a non-parametric learning approach to expand the hybrid multimodal memory (Sec 2.3),
thereby enhancing the success rate of task execution for Optimus-1.

2.1 Hybrid Multimodal Memory

In order to endow agent with a long-term memory storage mechanism [28, 46], we propose the
Hybrid Multimodal Memory module, which consists of Abstracted Multimodal Experience Pool
(AMEP) and Hierarchical Directed Knowledge Graph (HDKG).

2.1.1 Abstracted Multimodal Experience Pool

Relevant studies [23, 29, 17, 15] highlight the importance of historical information for agents
completing long-horizon tasks. Minedojo [7] and Voyager [47] employed unimodal storage of
historical information. Jarvis-1 [52] used a multimodal experience mechanism that stores task
planning and visual information without summarization, posing challenges to storage capacity and
retrieval speed. To address this issue, we propose AMEP, which aims to dynamically summarize all
multimodal information during task execution. It preserves the integrity of long-horizon data while
enhancing storage and retrieval ef�ciency.
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Figure 2:(a) Extraction process of multimodal experience. The frames are �ltered through video
buffer and image buffer, then MineCLIP [7] is employed to compute the visual and sub-goal sim-
ilarities and �nally they are stored in Abstracted Multimodal Experience Pool.(b) Overview of
Hierarchical Directed Knowledge Graph. Knowledge is stored as a directed graph, where its nodes
represent objects, and directed edges point to materials that can be crafted by this object.

Speci�cally, as depicted in Figure 2, to conduct the static visual information abstraction, the video
stream captured by Optimus-1 during task execution is �rst input to a video buffer, �ltering the
stream at a �xed frequency of 1 frame per second. Based on the �ltered video frames, to further
perform a dynamic visual information abstraction, these frames are then fed into an image buffer with
a window size of 16, where the image similarity is dynamically computed and �nal abstracted frames
are adaptively updated. To align such abstracted visual information with the corresponding textual
sub-goal, we then utilize MineCLIP [7], a pre-trained video-text alignment model, to calculate their
multimodal correlation. When this correlation exceeds a threshold, the corresponding image buffer
and textual sub-goal are saved as multimodal experience into a pool. Finally, we further incorporate
environment information, agent initial state, and plan generated by Knowledge-Guided Planner, into
such a pool, which forms the AMEP. In this way, we consider the multimodal information of each
sub-goal, and summarise it to �nally compose the multimodal experience of the given task.

2.1.2 Hierarchical Directed Knowledge Graph

In Minecraft, mining and crafting represent a complex knowledge network crucial for effective task
planning. For instance, crafting a diamond swordrequires two diamonds and one wooden stick

, while mining diamonds requires an iron pickaxe, which involving further materials and steps.
Such knowledge is essential for an agent's ability to perform long-horizon complex tasks. Instead of
implicit learning through �ne-tuning [33, 60], we propose HDKG, which transforms knowledge into
a graph representation. It enables the agent to perform explicit learning by retrieving information
from the knowledge graph.

As shown in the Figure 2, we transform knowledge into a graphD(V; E), where nodes setV represent
objects, and directed edges setE point to nodes that can be crafted by this object. An edgee 2 E in
theD can be represented ase = ( u; v), whereu; v 2 V . The directed graph ef�ciently stores and
updates knowledge. For a given objectx, retrieving the corresponding node allows extraction of a
sub-graphD j (Vj ; Ej ) 2 D , where nodes setVj and edges setEj can be formulated as:

Vj = f v 2 V j xg; Ej = f e = ( u; v) 2 V j u 2 V j [ v 2 V j g; (1)

Then by topological sorting, we can get all the materials and their relationships needed to complete
the task. This knowledge is provided to the Knowledge-Guided Planner as a way to generate a more
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