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ABSTRACT

Significant advances have been made in developing general-purpose embodied Al
in environments like Minecraft through the adoption of LLM-augmented hierar-
chical approaches. While these approaches, which combine high-level planners
with low-level controllers, show promise, low-level controllers frequently become
performance bottlenecks due to repeated failures. In this paper, we argue that the
primary cause of failure in many low-level controllers is the absence of an episodic
memory system. To address this, we introduce MrSteve (Memory Recall Steve), a
novel low-level controller equipped with Place Event Memory (PEM), a form of
episodic memory that captures what, where, and when information from episodes.
This directly addresses the main limitation of the popular low-level controller,
Steve-1. Unlike previous models that rely on short-term memory, PEM organizes
spatial and event-based data, enabling efficient recall and navigation in long-horizon
tasks. Additionally, we propose an Exploration Strategy and a Memory-Augmented
Task Solving Framework, allowing agents to alternate between exploration and
task-solving based on recalled events. Our approach significantly improves task-
solving and exploration efficiency compared to existing methods. We will release
our code and demos on the project page: https:/sites.google.com/view/mr-stevel

1 INTRODUCTION

The emergence of large-scale foundation models has driven significant advances in developing
general-purpose embodied Al agents capable of generalizing across a broad spectrum of tasks in
complex, open, and real-world-like environments (Johnson et al.l [2016; |Guss et al., 2019; [Fan
et al., 2022bj [Hafner, 2022; |Albrecht et al., |2022f [Voudouris et al.l |2023). While simulating such
environments for effective learning and evaluation remains a major challenge, Minecraft has become a
leading testbed, offering a demanding, open-ended environment with rich interaction possibilities. Its
procedurally generated world presents agents with challenges like exploration, resource management,
tool crafting, and survival, all requiring advanced decision-making and long-horizon planning. For
instance, the task of obtaining a diamond @ requires agents to locate diamond ore @, and craft an
iron pickaxe . This process involves finding, mining, and refining iron ore @, requiring the agent
to execute detailed long-term planning over roughly 24,000 environmental steps (Li et al., [2024)).

Solving such tasks through Reinforcement Learning (RL) approaches from scratch is nearly infeasible;
however, recent LLM-augmented hierarchical methods have demonstrated a promising avenue (Huang
et al.,|2022a3b; |[Wang et al.,|2023a). These methods feature a division between high-level planners
and low-level controller policies. High-level planners, driven by Large Language Models (LLMs) or
Multimodal Large Language Models (MLLMs), propose subgoals by utilizing the reasoning abilities
and prior knowledge inherent in LLMs (Brown et al., [2020; [Touvron et al., 2023} |OpenAl, |2024)).
These subgoals, conveyed in textual instruction form, are then sequentially passed to a learned,
instruction-following low-level controller for execution (Wang et al., 2023c;bj; |Li et al.| 2024).

For this framework to be effective, it is essential that both the high-level planner and the low-level
controller improve in tandem. However, previous research has primarily focused on enhancing
high-level planning, e.g., via maintaining skill library (Zhu et al., [2023; Wang et al., 2023b; Qin et al.,
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2024;|L1 et al.| [2024), often assuming that low-level controllers will efficiently execute the subgoals
provided by the high-level planner. However, this assumption frequently does not hold in practice,
and the low-level controller becomes a significant performance bottleneck (Cai et al., 2023b).

In this regard, we specifically focus on limitations in Steve-1 (Lifshitz et al.|[2024), the most widely
used low-level instruction-following controller framework. Steve-1 is an instruction-following policy
obtained by fine-tuning the Video Pre-Training (VPT) (Baker et al.,[2022) model. A primary limitation
we focus on is its constrained episodic memory capability. Steve-1 is based on Transformer-XL (Dai
et al.; 2019), which leverages relatively short-term memory, retaining only the last 128 hidden states.
Given Minecraft’s simulation speed of 20Hz, this memory span amounts to only a few seconds of
gameplay. While it can be increased, the quadratic complexity and FIFO-only memory structure of
transformers make them significantly inefficient for long-horizon tasks.

As aresult, when the agent requires information beyond this short memory span, it tends to forget past
events within the episode and reverts to inefficient random exploration for each new task, consuming
excessive time. For example, when given a task like “Find a Cow”, the agent is unable to recall,
‘I've seen it before near the river in the north’. Ideally, a low-level agent would instead maintain an
episodic memory of meaningful events and recall relevant information. See Figure [T|for more detail
illustration. Moreover, Steve-1 not only lacks the ability to recall such memories but also the ability to
navigate directly to the associated locations, which could help avoid unnecessary exploration. Instead,
Steve-1 relies on a “go explore” instruction, randomly exploring until it stumbles upon the resource
by chance. This inefficiency in executing low-level primitives is not addressed by high-level planners,
which focus on optimizing the sequence of high-level skills (i.e., the plan) but do not optimize the
execution of the primitives themselves. We elaborate more on this in Appendix [A]

In this paper, we introduce an enhanced low-level controller agent, MrSteve (Memory Recall Steve),
designed to address the limitations of Steve-1. The key innovation of MrSteve is the integration of
Place Event Memory (PEM) which is the instantiation of What-Where-When Episodic Memory.
While previous approaches have explored episodic memory, they primarily target high-level planners,
such as building libraries of high-level skills and plans, which do not directly improve the low-level
controller’s performance. We argue it is essential for the low-level controller to possess memory
capabilities. To address this, PEM manages memory more effectively, surpassing the limitations of the
non-scalable FIFO memory found in transformers. PEM stores spatial and event-based information,
allowing the agent to hierarchically organize and retrieve details about locations and events it has
previously encountered. For PEM to be fully effective, the agent must also move directly to the
desired location along with the ability to modulate between exploration and goal-directed navigation-
and-execution, a capability lacking in Steve-1. Therefore, we introduce the second component of
MrSteve: the Exploration Strategy and Memory-Augmented Task Solving Framework. Built upon
the PEM structure, this framework enables the agent to alternate between exploration—when no
relevant information is stored—and task-solving by recalling past events when applicable. This is
made possible and effective with our new navigation policy, VPT-Nav.

Our contributions are as follows. First, we point out the limitations of Steve-1, the most widely
used instruction-following controller, and show how its bottlenecks can be addressed with MrSteve.
Second, we introduce Place Event Memory (PEM), a novel hierarchical memory system that orga-
nizes spatial and event-based data for efficient querying and storage, even under limited memory
capacity. Third, we propose an Exploration Strategy and Task Solving Module built on PEM that
enables efficient exploration while maintaining high task-solving performance in Minecraft. Last, we
demonstrate that our agent significantly outperforms existing baselines in both exploration and long
sequence of tasks solving. We will release the code for further research.

2 RELATED WORKS

Low-Level Controllers in Minecraft Earlier works (Guss et al., [2019; [Lin et al.| [2021; Mao
et al.| 2022} |Cai et al., 2023a; [Hafner et al., 2023 [Zhou et al.| |2024a) introduced policy models
for simple tasks in Minecraft. MineCLIP (Fan et al.| [2022b) leveraged text-video data to train a
contrastive video-language model as a reward model, while VPT (Baker et al., 2022)) was pre-trained
on unlabelled videos without text-based instruction input. Steve-1 (Lifshitz et al., [2024)) extended
VPT by incorporating text instructions to generate low-level actions based on human demonstration
data. GROOT (Cai et al.l2023b) used reference video instead of text for goal-conditioned behavior
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Figure 1. Sparse Sequential Task Solving Scenario. The rst task @btain a log The agent explores to nd a

tree. While searching, the agent observes a cow but continues focusing on acquiring the log. Once the log is
obtained, the next task is tibtain a water bucketRemembering that it already explored the forward direction

while searching for the tree, the agent chooses to explore to the right. After gathering the water bucket, the
nal task is obtain meatwhich can be acquired from the cow. Recalling the cow's location, the agent navigates
there and completes the task by obtaining the meat. Note that each task takes a few thousand steps to achieve.
This scenario highlights the signi cance of episodic memory for ef cient exploration and task-solving in an
open-ended world where task-relevant resources are sparsely distributed.

cloning. Recently, MineDreamer (Zhou et al., 2024b) leveresteste-1generating subgoal images
with MLLM and Diffusion based on text and current observation for improved control. However,
these agents lack episodic memory, forcing agents to start new tasks from skhetbveaddresses

this by integrating episodic memory, making it more effective in sequential tasks.

LLM-Augmented Agents The development of LLMs has signi cantly advanced agents in Minecraft
(Wang et al., 2023ab). These works utilize pre-trained LLMs as zero-shot planners (Brown et al.,
2020; Touvron et al., 2023), leveraging their powerful reasoning capabilities to generate subgoal plans
or executable code. Broadly, this line of research can be divided into two approaches: one that uses
LLMs for code generation to interact with the environment directly (Wanglet al., 2023a; Zhu et al.,
2023 Qin et al., 2024; Liu et al., 2024), and another that generates text-based subgoals which are
then executed by a goal-conditioned low-level controller, such as Steve-1 or programmed heuristics
(Nottingham et al!, 2023; Yuan etlal., 2023; Li et al., 2024). In the latter approach, to ensure LLMs
focus on high-level semantic reasoning, the low-level controller must ef ciently execute subgoals.
While combining LLM as a high-level planner witirSteveis one possible direction, we focus on
enhancing low-level controller's capabilities based on the new type of memory in this work.

Memory in Agents Memory systems in agents primarily aim to retrieve robust and accurate high-
level plans for long-horizon tasks (Zhang et al., 2023; Song et al., 2023; Kagaya et al., 2024; Sun
et al., 2024; Shinn et al., 2024). Existing works store successful task's text instruction and its plans in
language often with observations for robust retrieval, which is useful when plans for the new task
already exist in memory. Voyager (Wang et al., 2023a) uses an unimodal storage of achieved skill
codes in the form of text. GITM (Zhu et al., 2023) integrates text-based knowledge and memory
for higher reasoning ef ciency and stores entire skill codes after a goal is achieved. Recently, MP5
(Qin et al., 2024) and JARVIS-1 (Wang et al., 2023b) enhance planning by storing plans and whole
multimodal observations in the abstracted memory, allowing for situation-aware retrieval, while
Optimus-1 (Li et al., 2024) introduces a multimodal experience pool that summarizes all multimodal
information during agent's execution of the task improving storage and retrieval ef ciency. However,
these memory systems store the sequence of high-level skills or plans for high-level planners, which
are not optimized for low-level controllers. We address this problem with Place Event Memory.

3 METHOD

In this section, we describe our ageMi;Steve(M emoryRecall Steve). We begin with the problem
setting, followed by step-by-step construction of our agent's main modules.

Problem Setting In this work, we de ne a sparse sequential task scenario where the agent is
continuously given taskk ,gl_; through text instructionse(g, Obtain water bucketjrom the
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Figure 2: MrSteveand Place Event Memory. (&)rStevetakes agent's position, rst person view, and text
instruction, and utilizes Memory Module and Solver Module to follow the instructionMfi$teveleverages
Place Event Memory for exploration and task execution, which stores the novel events from visited places.

environment or subgoal plans by LLM. Additionally, we assume that task-relevant resoeuges (
water, cow)rarely exist and aresparsely distributed in the environment, making it essential to
memorize novel events from visited places for future tasks as shown in Figure 1. When an episode
begins, for every time stdpthe agent is provided with the observatiépn = fiy;l;; tg, which consists

of the pixel observatioir 2 R" W € representing the rst person view of the environment, the
positional informatiorl; = ( coord; coord,; coord,; yaw, pitch) 2 R®, which denotes the agent's
relative 3D position and camera angles with respect to initial podigicend timet.

Instruction Following Policy In sparse sequential task, a naive approach is to enfptieye-1
(Lifshitz et al., 2024), an instruction-following policyinsi(atjht; n) that generates low-level controls
(mouse and keyboard) in Minecraft. Hehg,is a past pixel observation sequemgce;»g.;. While past
observations are processed by Transformer-XL layeBtéve-1the model is ineffective at recalling
observations from a few thousand steps ago (Lampinen et al., 2021). Additionally, the Transformer's
gquadratic complexity makes it signi cantly inef cient to process thousands of observations. This
makesSteve-1poorly suited for sparse sequential task, as it cannot recall visited places or task-
relevant resources seen in the past. To address this, we pidpStavewhich stores novel events

from visited places for ef cient sparse sequential task-solving.

MrSteve is a memory-augmented instruction following policy that consists of Memory Mod-
ule and Solver Module, as shown in Figure 2(a). In Memory Module, we use the mem-
ory called Place Event Memoryl; that stores novel events from visited places (Figure 2(b)).
Based on Place Event Memory, Mode Selector in Solver

Module decides between Explore mode and Execute maglgorithm 1 MrSteve Single Loop

When no task-relevant resource exists in the memory, E
plore mode is selected, and the agent explores with
hierarchical exploration method. If a task-relevant resourc
exists in the memory, Execute mode is selected, then t e
agent navigates to the resource's position and execyigs *-
(i.e., Steve-) to solve the task. Algorithm 1 outlines the 4
task -solving loop oMrSteve which repeats every xed - |
step or when a new task is given (More details in Appendigj € seE | ith .
D). With these modulesyirStevecan ef ciently explore  o* _;(p Oré WIth H-cn - L-Nav
and recall task-relevant resources from the memory to sohss €ndl

sparse sequential task in Figure 1. In the following sections, we describe how each mddifteae
is constructed. We begin by constructing Memory Module.

quire: MemoryM¢, and task ,

: candidates ReadM;; n)

if candidatess ; then
Xl = OneO(candidate)s
Navigate td; with | nay

5 Execute , with st

3.1 MEMORY MODULE: CONSTRUCTION OFPLACE EVENT MEMORY

The simplest form of memory is FIFO Memory, denotedvaswith capacityN . At every time step,
instead of storingX; in M, we can extract a semantic representation from the viidep; with a

video encoder to store an experience frame fe;li;tg, wheree; = Eng,(i; .t). For simplicity,

we terme, as the video embedding at time stefyWhen the memory exceeds its capacity, the oldest
frame is removed. For memory read, we calculate the cosine similarity between the task embedding
"y = Eng( n) and the video embeddirg in M, to retrieve task-relevant frames. Here, we use
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Figure 3: Mode Selector and VPT-Nav MrSteve (a) Mode Selector with Place Episodic Memory. It decides
agent's mode (Explore or Execute) based on whether a task-relevant resource is in the memory. It uses a
hierarchical read operation. (b) Architecture of Goal-Conditioned VPT Navigator.

video encodeEng,, text encodeEng, andH = 16 from MineCLIP (Fan et al., 2022a), which is a
CLIP (Radford et al., 2021) trained on web videos of Minecraft gameplay and associated captions.

While FIFO Memory offers bene ts from its simple memory operations, it has two drawbacks. First,
the computational complexity of the read operation grows linearly with the memory size. Second, the
bias toward removing the oldest frames can be problematic in sparse sequential task as in the Figure
1 scenario, where task-relevant frames from visited places are lost.

Place MemoryTo address these issues, Place Memory (Cho et al., 2024) divides the agent's positions
f ndl—o in the trajectory into clusters of distinct places, where each place cluster is assigned a FIFO
Memory. Here, we term; = ( coord,; coord,; yaw) as agent's position, which is a concatenation of
agent's top-down location and its head direction. Place Memory is represerid=as M gf_; ,
whereMy is thek-th place cluster with center positiog, , and center embeddirey, . Here,ey,

is the video embedding whose position is closesitp. This structure improves the ef ciency of

the read operation by extracting t&place clusters with their center embeddings rst, then fetching
relevant frames from these clusters. Furthermore, when memory capacity is limited, the oldest frame
is removed from the largest place cluster, allowing the agent to retain memories in diverse places.

While Place Memory prioritizes storing experience frames across diverse places, its FIFO structure
within each cluster still loses novel experience frames in the past. For instance, if an agent stays in
a place where zombies burn and disappear for a long time, the place cluster removes the frames of
burning zombies that can be crucial in upcoming tasks. This highlights the importance of focusing on
visually distinct experience frames rather than storing them sequentially, which can be redundant.

Place Event MemoryTo resolve this issue, we introduce Place Event Memory built on Place Memory,
which captures distinct events that occur within each place cluster (Figure 2(b)). While Place Memory
uses agent's position to cluster experience frames, there is no criterion for clustering frames to form
events. To tackle this, we use the cosine similarity of video embeddings from MineCLIP for criterion.

Speci cally, each place clustev is subdivided into event clusters, denoted B gid:k1 , where

eachEK represents thieth event cluster ifk-th place cluster, characterized by a center embedding

eE. . These event clusters are newly created and updated as the place cluster accumulates a certain
number of additional experience frames. For generating event clusters, DP-Means algorithm (Dinari

& Freifeld, 2022) is applied on video embeddings of these frames, generated by MineCLIP, and the
resulting cluster centers become a center embedding of each cluster. If the cosine similarity of the
cluster centers between a newly created cluster and an existing cluster is higher than tlrrésbold

de ne that two event clusters are indistinct), the two clusters are merged to prevent redundancy and
ensure distinct event clusters within each place cluster. When memory capacity is exceeded, the
oldest frame in the largest event cluster is removed, thus the memory can retain diverse places and
distinct events within each place. More details on Place Event Memory can be found in Appendix E.

3.2 SOLVER MODULE: MODE SELECTOR, EXPLORATION, AND NAVIGATION

In this section, we introduce the remaining components in Solver Module, which are Mode Selector,
and hierarchical policiesy.cni,  L-Nav fOr episodic exploration, and goal-reaching navigation.
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Mode SelectorMode Selector decides between Explore and Execute mode by checking whether
task-relevant resource exists in the memory. If the resource exists, the agent chooses Execute mode,
or Explore mode otherwise. When Place Event Memory is employed, Mode Selector rst picks top-
event clusters with task alignment scsje( ) = CLIP( ) CLIP\,(e'éi) between task embedding,

and center embedding of event cluster. Then, it calculates task alignment scores on experience frames
in topk event clusters and gathers frames with scores higher than task thraskeghown in Figure

3(a). We note that leveraging Place Event Memory offers computational ef ciency with hierarchical
read operation compared to FIFO Memory, which calculates the alignment scores on whole frames in
the memory. We provide a comparison of memory query time in Appendix K for further insights.

Hierarchical Episodic Exploration We propose a memory-based hierarchical exploration method
that allows the agent to ef ciently explore the environment while minimizing revisits to previously ex-
plored positions. This is achieved through a high-level goal selegtg,(g:j % M) and a low-level
goal achiever | na/(ajhe; &), whereh; = iy 128+, and'?, andg, are the agent's current location,
and goal location ifcoord, ; coord,), respectively. We introduce@ount-Basedexploration strategy
(Yamauchi, 1998; Tang et al., 2017; Chang et al., 2023) for the high-level goal selector.

Specically, L L visitation grid mapm;, is used with the agent's starting location set as the center

of the map. The locations of the agent's trajectory are discretized and marked on the grid. The goal
selector then divides the visitation map into grid cells of <&ze G, and selects the location of

the grid cell with the lowest visitation count as the gagl, If multiple grid cells have the same
minimum count, the cell closest to the current locatipis chosen. This approach directs the agent
toward unexplored locations, while minimizing unnecessary revisits. The size of grid cell can be
dynamically adjusted to balance between broader exploration and ner local searches. Additionally,
in an in nitely large map, the visitation map can be easily expanded by adding new grids, and further
hierarchies on visitation maps can be introduced for ef ciently managing explored locations.

Goal-Conditioned VPT Navigator Once the goal location is selected by the high-level goal selector,

it is crucial for the agent to navigate to the goal accurately. However, navigating complex terrains
(e.g, river, mountain) requires human prior knowledge, where pure RL policy trained from scratch
in prior work (Yuan et al., 2023) often shows suboptimal navigation ability. To address this, we use
the VPT as our starting policy, and ne-tune it for goal-conditioned navigation policy. We name this
policy asVPT-Nav. In VPT-Nav, we add goal embeddii® (I;; g) in the output ofTrXL in VPT

with LORA adaptor (Hu et al., 2021a) as in Figure 3(b). We used PPO (Schulman et al., 2017) for
ne-tuning goal encode6 , LORA parameters, policy , and valuer with reward based on the
distance to the goal location. We note that our VPT-Nav introduces several differences from prior
VPT ne-tuning methods, thoroughly investigated in Appendix L.

4 EXPERIMENTS

This section presents a step-by-step validation of our dgeBteveacross various environments

and conditions. We begin by evaluating the exploration and navigation abilir8feve which

is crucial in sparse sequential tasks (Section 4.1). Then, we demorndt@tieves capability to
solveA-B-Atask sequentially where the memory is necessary to solve thétagke (Section 4.2).
Additionally, we show that the proposed Place Event Memory outperforms other memory variants,
particularly when memory capacity is limited (Section 4.3). Lastly, we showcase the generalization
of MrSteveto long-horizon sparse sequential task (Section 4.4). Each baseline and task is explained
in each of the experiment sections with more details in Appendix C.

4,1 EXPLORATION & NAVIGATION FOR SPARSE SEQUENTIAL TASK

In this section, we evaluate the exploration and navigation ability of our agent. To verify this, we
placed an agent in 00 100block map with complex terrains such as mountains and a river and
gave 6K steps to wander around the map. Since successful exploration in Minecraft involves covering
as much of the map as possible while minimizing revisits to previously visited locations, we measure
two metrics: Map Coverage and Revisit Count. Map Coverage is calculated by dividing the map into
11 11grid cells and measuring the percentage of cells covered by the agent's trajectory. Revisit
Count measures the average number of times the agent visits the same grid cell.
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Table 1: Map Coverage and Revisit Count of different exploration policies. Our exploration method (High-Level:
Count-Based, Low-Level: VPT-Nav) performs the best.

High-Level Count-based RNN-based Steve-1
Low-Level VPT-Nav (Ours) DQN VPT-Nav DQON (Plan4MC|

Map Coverage() | 84:42 0:06 31:83 0:11 2982 0:07 1636 0:04 50:77 0:13
Revisit Count ) 0:38 0:6 4:47 1:43 472 173 62 173 2:68 1:36

Figure 4: Agent's trajectories of length 6K steps @30 100 block map with different exploration methods.
The leftmost gure is the agent's trajectory from our exploration method.

To demonstrate that our proposed hierarchical episodic exploration with Count-Based high-level goal
selector and low-level goal achiever VPT-Nav is more effective for exploration in the given map, we
compared our method with the following baselin8seve-1(Lifshitz et al., 2024), and exploration
method from Plan4MC (Yuan et al., 2023). Fateve-1 we provided the “Go Explore” instruction to
assess its exploratory behavior as in prior works (Cai et al., 2023b; Zhou et al., 2024b). Plan4MC, on
the other hand, employs a hierarchical approach where the high-level RNN policy selects the next
goal location based on past locations, and a low-level DQN policy is used for goal-reaching. Since the
input-output space of our method and Plan4MC is identical, interchanging high-level and low-level
policies between two approaches is allowed so that we can evaluate the bene ts of each component.

As shown in Table 1, and Figure 4, we can see that our exploration method outperforms other baselines.
While Steve-1showed decent performance in Map Coverage, it repeatedly visits previously explored
places because of lack of memory. In the case of hierarchical exploration, high-level RNN policy
struggled with memorizing visited places as the trajectory gets longer, resulting in high Revisit
Counts. Additionally, the low-level DQN policy had dif culty navigating complex terrain, such as
mountains and rivers, showing low Map Coverage. On the other hand, the Count-Based goal selector
that directs the agent to the least-visited locations as goals and the VPT-Nav that effectively reaches
those goals resulted in strong exploratory behavior. Furthermore, to show the robustness of VPT-Nav,
we report its navigation capability in diverse terrains in Appendix L.

4.2 SEQUENTIAL TASK SOLVING WITH MEMORY IN SPARSECONDITION

In this section, we demonstrate our agent's capability to solve sparse sequential tasks based on
exploration methods studied in Section 4.1. To evaluate this, we introslB&eSparseask, which
consists ofA-B-Atasks given sequentially with text instructions. Tdskwvolves gathering a sparse
resource, which can be either a water bucketbeef , wool , or milk . TaskB requires
collecting a dense resource, chosen from log dirt |, leaves , seeds , or sand , making
total 20 tasks. The agent spawns irl@0 100block map, and thé resource exists in a single
location, while theB resource can be found in multiple locations. The agent is gh&nsteps with
unlimited memory capacity to complete all tasks. Since nding the sparse resaisahallenging,
the task requires an ef cient exploration algorithm. Moreover, after solving tAsksdB, memory
becomes crucial to return to the location of resoukaeithin the time limit. We measure success
rates and task duration for evaluation.

To verify the bene ts of ef cient exploration and the memory, we compared the following agents:
Steve-1, MrSteve with exploration method from Plan4MC and FIFO Memory (PMC-MrSteve-FM),
and our agenMrStevewith Count-Based goal selector and VPT-Nav for exploration and Place
Event Memory. We also tedrStevewith different memory variantsyirSteve-FM MrSteve-EM
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Figure 5: Success Rate and Task Duration of different agenfsBiA-Sparsdasks. TashA refers to the rstA
task in theA-B-Atask sequence, while TagR refers to the nalA task in theA-B-Atask sequence. We note that
MrSteve as well as its memory variants, outperforBteve-1 which lacks the memory. Additionally, while
Steve-1ltakes a similar amount of time to solve both tésknd taskA’, MrStevesolves task\’ much faster. The
full results on all 20 tasks are in Appendix H, and investigations about memory variants are in Appendix O.

MrSteve-PM which use FIFO Memory, Event Memory, and Place Memory, respectively. Here,
Event Memory is a Place Event Memory without place clusters, which stores the frames based on
visual similarity. We explain the details of Event Memory in Appendix E.3.

As shown in Figure 5, it is clear thddrSteveoutperformsSteve-1 This is becaus®rStevecan nd
task-relevant resources faster with ef cient exploration and store the location of tha taskurce,
allowing it to revisit the location and solve taskagain within a limited time. This is evident from the
task duration in Figure 5, wheMrSteveshows a shorter task duration th@teve-lon the rstA task.
When solving the seconitask,MrSteveexhibits a much shorter task duration compared to the rst
Atask, whileSteve-ltakes a similar or even greater number of steps. While other memory-augmented
baselines showed similar performanceMdSteve PMC-MrSteve-FMperformed worse due to a
suboptimal exploration method, making it dif cult to nd the sparse resource. We report the full
results on alR0tasks in Appendix H.

4.3 MEMORY-CONSTRAINED TASK SOLVING WITH MEMORY

We demonstrated in Section 4.2 that memory is essential in solving sparse sequential tasks when there
is no limitation in memory capacity. However, in real-world scenarios where memory capacity is
limited, memorizing visited places and novel events becomes important. In this section, we show that
Place Event Memory can bene t in this scenario. To verify this, we introduce three Memory Tasks,
which areFind Water Find Zombies' Death SppandFind First-Visited House In all tasks, the

agent begins with an exploration phase, followed by a task phase. In the exploration phase, the agent
follows a xed exploratory behavior. In the subsequent task phase, the agent is given a MineCLIP
embeddinge = Eng,(fi g%, ) as a task embedding instead of text instruction, whei®the pixel
observation seen in the exploration phase. Then, this becomes an image goal navigation task where
an agent should navigate to the location of the given image.

In all tasks, the exploration phase3K steps, and the agent's memory capacity is limite@Ko In

Find Watertask, the agent stays near water®®K steps, then travels to a random location. In the

task phase, the agent should return to the water (Figure 6(a)). This task evaluates whether an agent
can memorize water frames in the pastFind Zombies' Death Sppthe agent sees burning zombies

for 1K steps (zombies burn fdx.5K steps then disappear), then travels. The task is to return to where
zombies burned (Figure 6(b)). This task evaluates whether an agent can memorize distinct events
(zombies burn and disappear) in the same plac€ind First-Visited Houseask, the agent sees the

rst house forQ:1K steps, then goes to the second house and stayS2ndilep, then travels. The

task is to return to the rst house (Figure 6(c)). This task evaluates whether an agent can memorize
two visually similar houses in two different places.
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Figure 6: The overview of Memory Tasks, and Success Rate for each Memory Task from different agents.
Memory Tasks are basically havigation tasks reaching the location of the previously seen experience frame. We
observe that MrSteve which uses Place Event Memory shows high success rates in all tasks.

To evaluate how each memory type performs in the Memory Tasks, we teteel 1 MrSteve
MrSteve-FM MrSteve-EM andMrSteve-PM In Figure 6, the performance of each memory type

is illustrated. In all tasksSteve-lwhich lacks memory, showed worst performance since it has to

nd the targets from scratch. IRind Watertask,MrSteve-FMdoes not have the water frames in
memory in task phase, so it should explore to nd the water showing afi#tsuccess rate. In
contrast, other agents store the water frames by allocating place cluster or event cluster in water
location, allowing the agent to recall the frames and easily return to water, showing high success
rate. InFind Zombies' Death Spdask, MrSteve-PMloses burning zombies' frames since Place
Memaory removes the frames in the largest place cluster, which is zombies' place, showing@dout
success rate. HoweveérSteve-EMandMrStevestore the burning zombies' frames as a novel event,
allowing the agent to easily return to zombies' spot, showing high success r&tiedifirst-Visited
Housetask,MrSteve-EMIloses frames of rst house, since it clusters two visually similar houses as
the same event, showing abd&iit% success rate. HowevarSteve-PMandMrStevestore the two
houses in different place clusters, enabling the agent to return to the rst house, showing high success
rate. These results suggest that Place Event Memory demonstrates its strength in memory-limited
settings, where memorizing both visited places and novel events is crucial for task completion.

4.4 LONG-HORIZON SPARSESEQUENTIAL TASK SOLVING WITH MEMORY

In this section, to see hoMrStevegeneralizes to long-horizon tasks, we introduce two sparse
sequential tasks. For both tasks, the agent play2i®0a 200block map for50K steps (Abouf7
hours of gameplay) witROK steps of memory capacity. The rst lsong-Instructiontask, where the
agent is continuously given random tasks fr@tain X . HereX can be water , beef , wool

,log ,dirt orseeds . Ifthe agent fails to complete the task witi20K steps, the task is
changed. This task requires ef cient exploration in a large map, and managing memory to memorize
places with task-relevant resources to continuously solve the given tasks.

The second task isong-Navigatiortask similar to Memory Tasks in Section 4.3. It has an exploration
phase ofLléK steps and a task phase. In the exploration phase, the agent observes six events in different
places: 1) burning zombies, 2) river, 3) sugarcane blow up, 4) spider spawn, 5) tree, and 6) house,
spending@K steps at each place. In the task phase, the image goal is continuously given randomly
selected from the frames in the early steps of the event. For instance, if the task is to reach sugarcane
place, the image of sugarcane place before blow up is set as an image goal. This task requires
managing memory to retain distinct events in different places.
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The results are shown in Figure 7.

For Long-Instructiontask, we ob-

serve thaMrSteve andMrSteve-PM

solved over80 tasks, showing their

capabilities of retaining task-relevant

resources in different places effec-

tively. MrSteve-EMsolved around0

tasks, suggesting event-based memory

is less effective than place-based mem-

ory. This is because similar events in

different places, like cows and sheepsigure 7: The performance itong-Intructiontask andLong-
living in visually similar forests, are Navigationtask. MrSteve performs well in both tasks.

in the same event cluster, possibly los-

ing task-relevant frames. For the remaining baselines, they either have suboptimal exploratory
behaviors or keep losing the task-revelant frames, solving les$Sthasks. FolLong-Navigation
task,MrSteve andMrSteve-EMsolved around0tasks, showing the ability to retain novel events
occured in different places. In the caseMrfSteve-PM it removes the frames in early time steps
of each place cluster, losing novel everggy( sugarcane before blow up), thus solving less than
20tasks. For the remaining baselines, they lose or cannot retain frames in the early stage of an
episode solving less thd® tasks. These results suggest thiaStevedemonstrates its strength in
long-horizon tasks.

5 LIMITATIONS

This work focuses on improvingteve-1through the introduction of What-Where-When episodic
memory, signi cantly enhancing the agent's ability to retain and recall past events for more ef cient
task-solving. Our experiments demonstrate MeSteveexhibits signi cantly enhanced performance
when integrated with LLM-augmented agents for high-level planning. However, current limitations
prevent the high-level planner from accessing PEM in the low-level controller. Future work could
explore enabling PEM access for high-level planners, which could generate more accurate plans by
leveraging the agent's episodic memories, further enhancing the system's capabilities for complex,
long-horizon tasks.

We list up a few more limitations. First, our experiments are limited to surface-level exploration in
the Minecraft environment, omitting underground navigation, which is a crucial aspect of the game
as mining plays a central role. However, our hierarchical exploration methods based on visitation
map could easily be extended to include vertical dimensions. Additionally, while our VPT-Nav
demonstrated strong navigation abilities in plains biomes, more challenging terrains, such as crossing
cliffs that require skills like building bridges, were not addressed. Lastly, we used exact position data
in Minecraft, which may limit the model's adaptability to robotics tasks where positional information

is often noisy. One possible direction is adapting MrSteve in environments with noisy positions.

6 CONCLUSION

In this paper, we introducedrSteve(M emoryRecall Steve), a novel low-level controller designed

to address the limitations of current LLM-augmented hierarchical approaches in general-purpose
embodied Al environments like Minecraft. We argued that the primary cause of failures in many
low-level controllers is the absence of an episodic memory system. To overcome this, we equipped
MrStevewith Place Event Memory (PEM), a form of episodic memory that captures and organizes
what, where, and when information from episodes. This allows for ef cient recall and navigation in
long-horizon tasks, directly addressing the limitations of existing low-level controllerStiee-1

which rely heavily on short-term memory. Additionally, we proposed an Exploration Strategy and a
Memory-Augmented Task Solving Framework, enabling agents to effectively switch between explo-
ration and task-solving based on recalled events. Our results demonstrate signi cant improvements in
both task-solving and exploration ef ciency compared to existing methods. We believdtStdve

opens new avenues for improving low-level controllers in hierarchical planning and are releasing our
code to facilitate further research in this eld.
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A LIMITATIONS OF MEMORY SYSTEM IN LLM-A UGMENTED AGENTS

Memory systems in agents primarily aim to retrieve robust and accurate high-level plans for long-
horizon tasks (Wang et al., 2023a;b; Zhu et al., 2023; Qin et al., 2024; Li et al., 2024). Existing works
use an abstracted memory that stores the succeeded task with its plans, and often with history of
observations for reliable retrieval, which is helpful when the similar plan in other tasks already exists
in memory. However, these types of memory systems are not well-suited for low-level controllers for
the following reasons:

* Issues with Managing MemoryRecent memory systems in Minecraft, when saving successful
plans or skills, the history of observations for solving the task is all stored in FIFO manner (Wang
et al., 2023b) or only task-relevant frames are stored in the plan (Li et al., 2024). However,
computation complexity for retrieving the experience frames that are relevant to a new task is
computationally expensive or even impossible (because the latter may not store the experience
frames despite the agent observing it).

» Lack of Mechanism for Retrieving Experience framesCurrent memory systems store the text
instructions of succeeded tasks as keys and their plans to complete those tasks as values. The
retrieval process begins by matching a task query to the task keys in memory and then lItering
further using the current scene's similarity to the stored frames before retrieving the nal plan.
These memory systems are targeted to retrieve the succeeded plan, but they lack a mechanism for
utilizing the experience frames in the memory, which could be crucial for future tasks.

Consider the following example: Suppose the agent is tasked with collecting wood. While searching
for a tree, let's assume the agent came across a cow in the forest. Once the wood is collected, the
memory will store the successful plan and its corresponding observations. However, if the agent
is later tasked with nding the cow, there would be no memory key related to the cow, making it
impossible to retrieve the relevant frames. While some heuristics to calculate the similarity of the
task embedding for “ nd cow” and the visual representations in memory using MineCLIP is possible,

it is computationally expensive since the similarity should be calculated for all stored frames.

Thus, we need a new type of memory system for the low-level controller to ef ciently store novel
events (such as encountering the cow) as they explore the environment, even when such events are
not directly relevant to the current task. Also, the memory should hierarchically organize these novel
events so that they can be ef ciently retrieved later. In this paper, we propose a memory system called
Place Event Memory (PEM), which organizes experiences by both location and event. PEM allows
the agent to store diverse novel events across various locations, making future retrieval more ef cient.
We argue that PEM, when combined with current memory systems that store successful plans, will
enable more effective retrieval of task-relevant information.

B CoOMPUTATION OVERHEAD

Our study was performed on an Intel server equipped with 8 NVIDIA RTX 4090 GPUs and 512GB of
memory. The inference time for tasks under 20K steps for running a single episode was approximately
30 minutes on a single GPU. For long-horizon tasks that take 500K steps, approximately 12 hours
were required for running a single episode on a single GPU. The VPT-Nav training took roughly 23
hours on a single GPU.

C ENVIRONMENTS DETAILS

C.1 BENVIRONMENTS SETTING

All tasks are implemented using MineDojo (Fan et al., 2022b). We utilize MineDojo's success
checker, where the success of each task is determined based on changes in the agent's inventory.
Hence, the agent succeeds in the task if the corresponding target item appears in the inventory. If
the agent exceeds the time limit of each task or dies before completing assigned tasks, indicating the
agent failed the task.

For all tasks, we assume that the agent has access to both rst-person view pixels and its positional
data. The raw pixel observationis provided in the shap@d60 256 3). The agent's positiop;
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