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Figure 1. We propose Long-term Memory Embodied Exploration, which aims to collect episodic memories during Multi-goal Navigation
and introduces Memory-based Question Answering to unify and evaluate the model’s cognitive and decision-making abilities.

Abstract

An ideal embodied agent should possess lifelong learning
capabilities to handle long-horizon and complex tasks, en-
abling continuous operation in general environments. This
not only requires the agent to accurately accomplish given
tasks but also to leverage long-term episodic memory to
optimize decision-making. However, existing mainstream
one-shot embodied tasks primarily focus on task comple-
tion results, neglecting the crucial process of exploration
and memory utilization. To address this, we propose Long-
term Memory Embodied Exploration (LMEE), which aims
to unify the agent’s exploratory cognition and decision-
making behaviors to promote lifelong learning. We further
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construct a corresponding dataset and benchmark, LMEE-
Bench, incorporating multi-goal navigation and memory-
based question answering to comprehensively evaluate both
the process and outcome of embodied exploration. To
enhance the agent’s memory recall and proactive explo-
ration capabilities, we propose MemoryExplorer, a novel
method that fine-tunes a multimodal large language model
through reinforcement learning to encourage active mem-
ory querying. By incorporating a multi-task reward func-
tion that includes action prediction, frontier selection, and
question answering, our model achieves proactive explo-
ration. Extensive experiments against state-of-the-art em-
bodied exploration models demonstrate that our approach
achieves significant advantages in long-horizon embodied
tasks. Our dataset and code will be released at https :
//wangsen99.github.io/papers/Imee/.
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1. Introduction

A key objective in embodied intelligence is to empower
agents with lifelong learning capabilities, enabling them
to perform complex tasks and operate continuously in dy-
namic and unfamiliar environments. For example, as illus-
trated in Fig. 1, consider the instruction “Check the Christ-
mas tree and the dryer, then the bedroom nightstand.” After
completing this sequence of tasks, the agent should have
developed a comprehensive understanding of the explored
environment. Later, when asked a follow-up question such
as “Is the washing machine door closed or open?”, the
agent should be able to quickly retrieve its stored memory
and respond, “The door is closed.” This capability repre-
sents more than simple task completion, as it demonstrates
the agent’s ability to construct dynamic and context-aware
memory representations that support efficient recall and rea-
soning for future interactions. Such an ability is essential
for developing embodied agents that can continuously learn,
adapt, and evolve in complex real-world environments [ 18].
Embodied exploration aims to enable agents to proac-
tively explore unknown environments. As shown in Tab. 1,
current research paradigms mainly focus on tasks such as
goal navigation [3, 19, 49, 54] and embodied question an-
swering [16, 22, 31, 57]. However, these one-shot tasks
tend to emphasize outcomes while neglecting the explo-
ration process itself. Although multi-goal navigation [18]
focuses on long-horizon embodied tasks, it still overlooks
how the exploration process contributes to the agent’s scene
understanding and decision-making. Achieving a unified
integration of cognition and decision-making is therefore
crucial for developing general embodied intelligence.
Multimodal Large Language Models (MLLMs) [17, 20,
23, 37] have shown remarkable potential in embodied ex-
ploration, particularly for complex scenes [39, 40, 47, 48,
58]. However, existing approaches still struggle to make
effective use of memory. Many methods treat memory
passively, limiting the agent’s autonomy and reasoning
capabilities. For example, imitation learning-based ap-
proaches [58, 62] train agents to replicate expert trajecto-
ries. This passive learning paradigm restricts generalization
to unseen scenarios and, crucially, prevents the agent from
developing its own proactive exploration strategies. Other
vision-language exploration methods [52, 57] that depend
on memory snapshots use filtering strategies to mitigate the
constraints of limited context windows but fail to harness
the active querying capability inherent in MLLMs. Like-
wise, models with long-term spatiotemporal memory [15]
mainly perform post-exploration reasoning, missing the op-
portunity to use memory to proactively guide exploration.
To address these challenges, firstly, we introduce Long-
term Memory Embodied Exploration (LMEE), which em-
phasizes not only the outcome (goal) of the embodied task
but also the exploration process (memory). As illustrated
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in Fig. 1, LMEE consists of two key components: Multi-
goal Navigation and Memory-based Question Answering.
During navigation, the agent dynamically constructs on-the-
fly memories. LMEE further provides a large collection
of exploration-related questions that the agent must answer
based on its memories. To evaluate LMEE, we construct a
comprehensive dataset and establish a benchmark, LMEE-
Bench, which assesses the agent from two perspectives: (1)
success rate and efficiency in multi-goal navigation, and
(2) accuracy in memory-based question answering. This
assesses the agent’s ability to use episodic memory. The
dataset encompasses 246 object categories, over 9,000 goals
and questions, and 1,982 exploration trajectories.
Secondly, we propose MemoryExplorer, an MLLM-
based framework for active exploration and memory re-
trieval trained via Reinforcement Fine-Tuning (RFT). The
model proactively queries and invokes memory retrieval
tools to access multimodal memory information based on
current task instructions, multi-view observations, and goal-
related questions. By analyzing its answers and assess-
ing task progress, the agent gains an understanding of the
current situation and plans subsequent actions accordingly.
Furthermore, we design a Multi-Task Reward function that
integrates action and frontier prediction with question an-
swering, effectively unifying scene understanding, memory
utilization, and planning-based decision-making. This en-
ables the model to tackle challenging tasks in complex envi-
ronments. Extensive experiments demonstrate that our ap-
proach achieves superior performance in long-term memory
embodied exploration, significantly enhancing the model’s
capacity for autonomous exploration and active memory re-
trieval, which are key abilities for realizing lifelong learning
in embodied agents.
In summary, our contributions are as follows:
We introduce LMEE, a new paradigm for developing au-
tonomous agents by unifying exploration with memory-
based reasoning. We also present its corresponding
benchmark, LMEE-Bench, to holistically evaluate agents
using multi-goal navigation and question answering to as-
sess the crucial abilities of memory utilization, cognitive
understanding, and decision-making.
We propose MemoryExplorer, which uses reinforcement
learning to enable active exploration and memory re-
trieval in unknown environments. By combining fron-
tier prediction, action planning, and question answering,
we design a multi-task reward function that optimizes the
model’s policy for effective reasoning in complex scenes.

2. Related Work

2.1. Embodied Navigation and Question Answering

Goal-driven Navigation and Vision-Language Question An-
swering are mainstream tasks in embodied intelligence.



Table 1. Comparison to popular embodied exploration benchmarks.

‘ Train ‘ Test ‘ ‘ ‘ ‘ Question Type
Dataset ‘ Categories ‘ Goals ‘ Categories ‘ Goals ‘ Multi-goal ‘ Memory ‘ Question Num ‘ Choices ‘ Open Vocab
ObjectNav-MP3D [3] 21 7509 - - X X - - -
ObjectNav-HM3D [49] 6 5216 - - X X - - -
InstancelmageNav-HM3D [19] 6 2516 - - X X - - -
HM3D-OVON [54] 280 10987 49 1278 X X - - -
GOAT-Bench [18] 193 13025 36 1282 v X - - -
MP3D-EQA [42] - - - - X X 1136 X X
HM-EQA [31] - - - - X X 500 v X
OpenEQA [22] - - - - X X 1600+ X v
EXPRESS-Bench [16] - - - - X X 2044 X v
MemoryEQA [57] - - - - X v 1587 v X
LMEE (Ours) 208 8880 38 828 v v 9286 (406) v v

Early navigation tasks mostly targeted single targets [5,
14, 29, 43], and due to the limitations of current model
generalization capabilities, navigation methods are based
on modular designs and only employ modality-specific en-
coders. Similarly, the questions in embodied question an-
swering tasks are relatively simple [8, 42, 56]. In recent
years, MLLMs have shown impressive results in the field
of embodied intelligence [11, 12, 21, 46, 60]. Whether
in open question answering [22] or multimodal naviga-
tion [2, 18, 53], embodied tasks are moving towards a long-
term, generalized paradigm [7, 27, 58]. However, current
tasks focus on the outcome, such as whether the target ob-
ject has been found [16], or whether the answer to the em-
bodied question is accurate [31]. This lack of attention to
the process is not conducive to building lifelong learning
agents [36]. We introduce Long-term Memory Embodied
Exploration, aiming to focus on the preservation of contex-
tual memory during long-range task exploration, enabling
the agent to think about problems based on experience like
a human, ultimately achieving lifelong learning and self-
evolution.

2.2. Memory-based Agents

Several works have explored memory mechanisms for
language-based agents. For example, MemGPT [25],
MemAgent [55], and Mem-« [41] provide large language
models with extended context via diverse memory systems,
while ReasoningBank [24] builds experience pools to sup-
port long-term tasks such as web browsing and software
engineering. However, these text-based or discrete-state-
based memory models are not directly applicable to embod-
ied AlI, where memory must capture spatio-temporal infor-
mation from the physical world.

Memory is crucial for long-horizon embodied tasks,
which are growing increasingly complex [51]. Methods like
MTU3D [62], 3D-Mem [52], and 3DLLM-Mem [15] con-
struct memory banks or snapshots to support navigation, ob-
ject localization, and spatio-temporal reasoning. Yet, these

approaches mostly rely on passive memory usage, e.g., imi-
tating trajectory data [15, 62]. In contrast, we aim to enable
active memory querying to enhance proactive exploration
and task handling in embodied settings.

2.3. Reinforcement Learning for Embodied AI

The advantage of reinforcement learning lies in the agent’s
ability to learn actively [34], and the strong generalization
capability of LLMs further amplifies this benefit. Recent
work leverages LLMs to automatically learn reward mod-
els from interaction data without manual annotation [6, 32].
Reinforcement learning for training multimodal LLMs to
solve embodied tasks has also gained increasing attention.
[35] trains perception and action jointly through real-time
environmental interaction, enabling generalization across
embodied tasks. [30] allows agents to ask clarifying ques-
tions for ambiguous instructions, while [38] introduces re-
inforcement fine-tuning to support self-evolution of embod-
ied agents. However, early approaches rely on overly sim-
ple task instructions [35], and active questioning remains
limited in scope [30], restricting applicability to complex
scenarios. Other methods emphasize only task comple-
tion [10, 26, 38] and overlook the task process, which hin-
ders lifelong learning. In contrast, we emphasize the mem-
ory retrieval capability of embodied agents for complex
long-horizon tasks, enabling better scene understanding and
more efficient decision-making.

3. Data Construction of LMEE

To enable agents to proactively explore and memorize in
unknown environments, we construct a Long-term Memory
Embodied Exploration dataset. Based on multi-goal navi-
gation tasks, it dynamically builds a memory bank by col-
lecting observations during the exploration process, thereby
enabling memory-based embodied exploration training and
evaluation. As shown in Fig. 2, the data construction pro-
cess consists of three parts: task instruction generation, ex-
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Figure 2. The construction process of Long-term Memory Embodied Exploration and data statistics.

ploration trajectory generation, and memory-based question
answering generation.

Task Instruction Generation. We use the real-world
HM3DSem [50] dataset, including 145 training scenes and
36 test scenes with semantic labels. From these scenarios,
we collected over 200 different categories of targets based
on the Goat-Bench [18] dataset. Then, different regions and
their corresponding objects are fed into the Large Language
Model (LLM), which combines them to generate task in-
structions and goals.

Exploration Trajectory Generation. Based on the agent’s
initial position and the positions of different targets, we used
the Habitat-Sim [33] to plan the exploration path, thereby
generating a multi-goal, step-by-step exploration sequence
trajectory, including the corresponding action, observation,
position, and rotation for each step. This is beneficial for
the model to learn action-based step-by-step exploration in
long-horizon planning. Simultaneously, we utilize an im-
age tagging model [59] to label object information in each
image as a text description, thereby constructing a multi-
modal memory bank including text, position, and image.
Memory Bank. To facilitate efficient data sampling, we
construct a memory bank:

M:{(pivfiyoi)|i:1a"'7n}7 (1)

where each entry stores the position p;, the text features
fi» and the image features o; for each step i. We employ
CLIP [28] to extract both o and f, and compute their pair-
wise similarity using dot products. The overall similarity
between the current state (pe, fe,0.) and a memory entry
(pi, fi,0;) is defined as:

si = wr(f) fi) + wolo 0;) + wp dist(pe, pi), ()

where wy, w,, and w, are the weighting coefficients for
text, visual, and distance similarities, respectively, and

dist(pc, p;) denotes an exponential function of the Eu-
clidean distance between locations. To maintain temporal
consistency, we further aggregate similarity scores from the
k most recent samples by computing their mean and stan-
dard deviation, and dynamically filter contextual memories
at each step based on an adaptive similarity threshold.

Difficulty Level. To evaluate the model’s exploration ca-
pabilities and long-term memory, we categorize tasks into
three levels: easy, medium, and difficult, based on the num-
ber of regions and goals to be explored and the distance
from the initial position to the target object. Detailed statis-
tics are presented in Fig. 2.

Question Answering Generation. We leverage a Vision
Language Model (VLM) to generate question-answer pairs
based on observation images associated with the navigation
targets. This design serves two main purposes. First, ques-
tions are focused on navigation targets to avoid asking about
objects an agent may not have observed due to non-unique
trajectories, thus providing a more reliable assessment of its
memory. Second, goal-oriented questions help the model
understand the progress of multi-goal long-term tasks dur-
ing training, determine the next goal to be found, and thus
plan actions and paths. As shown in Fig. 2, the types of
questions include five categories: attribute, counting, loca-
tion, relationship, and state. The types of answers include
two forms: open-ended and optional.

Continuous Actions. We found that in many cases, the
simulator cannot execute multi-step continuous actions,
which greatly increases the difficulty of the model predict-
ing actions. Therefore, we utilize a continuous action win-
dow to sample = consecutively occurring identical actions,
using one of such samples as training data.

Dataset details. We generate step-by-step trajectory data
using the training and testing scenes from HM3DSem,
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which serve as the training and testing sets, respectively,
as shown in Tab. 1. We use Qwen3-235B-A22B-Instruct
to generate task instructions and Qwen3-VL-235B-A22B-
Instruct to generate question answering. The model’s action
space includes moving forward (0.25 m) and turning left or
right (30°), so each step contains views from these three di-
rections. The full dataset comprises 1,982 tasks with a total
of 377,311 entries, of which 1,816 tasks are allocated for
training and 166 tasks for testing. After sampling, we ob-
tain 11,684 instances for training. For more details, please
refer to the Supplementary Material.

4. Method

Unlike previous modular learning-based vision-language
navigation [4, 18, 62], we utilize an MLLM to train an end-
to-end embodied agent with proactive exploration aware-
ness. In long-term embodied exploration tasks, MLLM
needs to integrate task instructions, observed images, and
long-term memories for scene planning and decision-
making. However, due to the limitations of the context
window, the model cannot access all long-term memories at
once, and supervision of long-term multi-step actions may
weaken the agent’s autonomous exploration ability. There-
fore, we propose MemoryExplorer, an embodied explo-
ration model based on reinforcement learning with memory
retrieval as shown in Fig. 3.

Task Definition. For LMEE, the model policy can be repre-
sented as 7y(I, O, Q; M) of parameterized model weights
f. Model inputs include task instructions I, current multi-
view observations O, a memory-based goal-oriented ques-
tion @, and externally stored long-range memory M includ-
ing image-text pairs. The model’s final response can be rep-
resented as y = (S, F, A), with outputs including a single-
step action S, a frontier F', and an answer A.

Memory Retrieval. The proposed Long-term Memory
Embodied Exploration dataset provides the multimodal
contextual memories during the exploration process. The
model is guided to generate code that invokes the external
memory retrieval tool R, subsequently obtaining the corre-
sponding memories for reasoning and answering the given
question. The memories obtained from invoking R are fed
back to the model as additional input, allowing for richer
reasoning to support the final answer. Due to the limitations
of multi-image input, this study focuses on single-round
tool invocation scenarios. Since the question is related to
the navigation goal, the retrieved memories further help the
model understand the task progress and determine the next
exploration action.

Formally, when the model retrieves memories, the first
round generates an initial response y' ~ mwe(- | 1,0,Q)
containing the tool call and query text. Then, the memory
retrieval tool M,.. = R(y’, M) is called to obtain the most
relevant memories retrieved from long-term memory. In the
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external Python environment, the text and observations in
memory are encoded as text features f; and observation fea-
tures f, by CLIP [28], respectively, while the query text is
encoded as query features f,. Cosine similarity is then cal-
culated to obtain the topk most similar memories. Finally,
the retrieved memories m; are obtained by combining the
results from both. The retrieval process can be represented
as:

R = {mi | i € top-k(cos(fy, 7))} 3)

Finally, the final response can be represented as y ~ mg(- |
1,0, M,.). Additionally, if the memory retrieval tool call
fails, the final response is the first-round response, i.e., y ~
mo(- | 1,0,Q).

Reinforcement Fine-Tuning. MemoryExplorer utilizes
RFT to learn active exploration and memory retrieval.
Therefore, our training objective is:

max  E(,0,)~D, ywmo (110,000 [16(1, 0, Q. y)]

—BDku(mo(- | 1,0,Q; M) || mret (- | 1,0,Q; M)).
“)
Note that our RFT training process does not optimize in-
termediate responses from memory retrieval tools, as our
goal is to encourage the model to think and make deci-
sions autonomously, using final reward feedback to eval-
uate the effectiveness of tool calls. For the specific train-
ing method, we employ Group Relative Policy Optimization
(GRPO) [13], a well-established policy gradient method
that estimates the baseline model by sampling response
data, thus saving training resources.
Reward Modeling. Unlike single-question-answer train-
ing [9, 44, 45], we adopt a multi-task training approach
that includes exploration actions, frontier selection, and
memory-based question answering. This design enables the
model to understand spatial and action relationships while
actively invoking memory retrieval tools and generating re-
trieval content, thereby facilitating autonomous exploration.
To achieve multi-dimensional response optimization, we
design a Multi-Task Reward function ryy, that integrates
four complementary components: action accuracy, frontier
correctness, answer precision, and output format complete-
ness. The total reward is defined as follows:

Ttotal =Wact * Taction * C + Wront * Tirontier * C 5)
+ Wans * Tanswer T Wfmt * Tformats
where Taction s T'frontiers answer, T'format S [Oa 1] fepfesent the
sub-rewards for action accuracy, frontier correctness, an-
swer precision, and output format completeness, respec-
tively. Specifically, ranswer reflects the accuracy of the
predicted answer, and 7¢omae €ncourages structured and
parsable responses, determined by whether the output
includes complete ACTION, FRONTIER, and ANSWER
segments. ¢ is a consistency coefficient that penalizes

logically inconsistent pairs between action and frontier.
Wacts Wfronts Wans, Wfme denote the weighting coefficients
for each reward component.

To further differentiate performance in scenarios involv-
ing tool assistance and tool invocation failure, a scaling fac-
tor « is applied to each sub-reward. This adjustment re-
duces all sub-scores when no external tool is employed,
while amplifying them in tool-based reasoning conditions,
thereby encouraging efficient tool utilization. The final re-
ward 7o 18 clipped to the range [0, 1] to ensure stability
and comparability across tasks.

5. Experiments

We propose the Long-term Memory Embodied Exploration
benchmark. It consists of two components: multi-goal nav-
igation and memory-based question answering. The agent
is first required to perform multi-goal navigation in an un-
known environment, storing and utilizing memories from
the exploration process to complete the tasks. Subsequently,
the agent must answer questions related to the navigation
targets based on its memory. Additionally, during multi-
goal navigation, the agent can leverage memory retrieval to
locate specified targets. We also evaluate the agent’s explo-
ration and memory retrieval capabilities on the multimodal
lifelong navigation benchmark platform, GOAT-Bench.
Experimental details. Our model is trained based on
Qwen2.5-VL-7B-Instruct [1]. We use EasyR1, a simplified
version of the VERL framework. The learning rate is set to
le-6, and a KL penalty coefficient of 0.1 is applied to main-
tain training stability. Training is conducted on 8§ NVIDIA
H200 GPUs for 160 steps with a global batch size of 128.
The topk is set to 3. The consistency coefficient c is set to
0.5. The scaling factor « is set to 1.2 when tool assistance is
involved, and to 0.5 for r,pgwer and Tformat, and 0.6 for r,ction
and 7gonter When tool invocation fails. More experimental
details are provided in the Supplementary Material.
Benchmark. LMEE-Bench consists of 166 tasks with 828
goals and 406 questions. Due to resource constraints, we
randomly select a subset of 58 tasks for evaluation, cover-
ing 272 goals and 145 questions. We also provide results on
the full test set in the Supplementary Material. LMEE con-
sists of two types of tasks: multi-goal navigation and goal-
oriented memory-based question answering. The questions
cover five types: attributes, counting, location, relation-
ships, and states, while the answers are provided in two
formats: open-ended and multiple-choice. GOAT-Bench is
a multimodal lifelong navigation benchmark. The task re-
quires agents to navigate to multiple targets. Each target is
described by category name, language description, and im-
age. Due to the large scale and limited resources of GOAT-
Bench, we followed 3D-Mem to evaluate a subset of “Val
Unseen” set, including 36 scenarios, one exploration round
each, and 278 navigation subtasks in total.
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Table 2. Experiments on LMEE-Bench. Score represents the MLLM-Score for open-ended answers, and Acc represents the accuracy rate

of the answer choices.

‘ Easy ‘ Medium ‘ Hard ‘ Total
Method | N | Q@ | N | Q@ | N | Q@ | Na | QA
| SR SPL | Score Acc | SR SPL | Score Acc | SR SPL | Score Acc | SR SPL | Score Acc
Retrieval-Augmented QA
LLaVA-OneVision-7B [20] | - - | 3571 5714 - - | 4202 6277 - - | 2500 4375 | - - | 3862 5931
Llama3.2-Vision-11B [23] | - - | 4357 4857 - - | 2819 3723 | - - | 2031 3125 - - | 3103 3931
Qwen2.5-VL-7B [1] - - | 3643 6571 - - | 4362 5319 - - | 4219 4375 - - | 4172 5586
InternVL3-8B [61] - - | 4214 6571 - - | 4122 s426 | - - | 2656 4375 | - - | 3983 5517
Qwen3-VL-8B [37] - - | 4357 6571 - - | 3670 5851 - - | 3281 650 - - 3793 60.69
GPT-4o - - | 4357 6571 - - | 3750 5106 - - | 4062 5625 | - - 3931 5517
Gemini-2.5-Flash - - | 4429 5143 - - | 3777 5000 | - - | 2344 5000 | - - | 3776 5034
MLLM Exploration
Explore-EQA [31] 426 426 - - | 1517 867 - | 1489 725 - - | 1324 766 - -
3D-Mem [52] 2128  9.68 | 3071 42.86 | 1573  6.09 | 3457 4468 | 17.02 697 | 2500 18.75 | 1691 6.86 | 32.59 4138
RA-Mem 2553 15.65 | 3429 5429 | 21.35 12.14 | 37.77 6277 | 1489 8.86 | 25.00 43.75 | 2096 12.18 | 35.52 58.62
MemoryExplorer (Ours) | 31.91 21.11 | 35.71 68.57 | 21.35 14.03 | 48.14 63.83 | 23.40 12.51 | 34.38 68.75 | 23.53 14.99 | 43.62 65.52

Start in the kitchen to check the refrigerator and oven, then go to the bedroom to look at the dresser.

b“:

Is the oven door open
or closed?

»E

= A

Memory

Retrieval The oven door is closed.

» -

Memory-based Question Answering
Figure 4. Qualitative example of LMEE-Bench.

Metric. We evaluate performance using Success Rate (SR)
and Success weighted by Path Length (SPL). A navigation
episode is considered successful if the agent’s final posi-
tion is within 1 meter of the target. For goal-oriented open-
ended questions, we propose MLLM-Score, a quantitative
metric leveraging an MLLM. For each question, the ground-
truth answer, the observation of the target object, and the
predicted answer are provided to the MLLM. Due to re-
source constraints, we use Qwen3-VL-30B-A3B-Instruct as
our evaluation model. The MLLM assigns a score from 1 to
5 to each prediction to assess its quality. The MLLM-Score
measures answer accuracy by averaging the scores across
all questions and converting the result to a 0-100 scale. For
multiple-choice questions, we evaluate predicted answers
using standard accuracy.

Baselines. For the baseline evaluation of long-term mem-
ory exploration with MLLMs, we primarily compare our
method with Explore-EQA [31] and 3D-Mem [52]. Since
Explore-EQA lacks memory capabilities, we only evalu-
ate its performance on multi-goal navigation tasks. 3D-
Mem serves as an active exploration baseline leveraging
long-term memory, enabling agent exploration and lifelong
learning through memory snapshots and frontier snapshots.
In addition, we develop a Retrieval-Augmented Memory
(RA-Mem) variant based on 3D-Mem. While 3D-Mem
uses an object-based memory filtering approach to limit the
model’s context window, it does not fully exploit the po-
tential of MLLMs. In contrast, RA-Mem independently
generates queries based on the task and current observa-
tions to retrieve memory and guide the agent in completing
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Table 3. Experiments on GOAT-Bench. Evaluated on the “Val
Unseen” split. Methods denoted by * are from GOAT-Bench, and
those with f are evaluated on the subset. All MLLM-based explo-
ration methods are implemented based on Qwen2.5-VL-7B.

Method Success Rate  SPL

GOAT-Bench Baselines [18]

Modular GOAT* 24.9 17.2
Modular CLIP on Wheels* 16.1 10.4
SenseAct-NN Skill Chain* 29.5 11.3
SenseAct-NN Monolithic* 12.3 6.8
MLLM Exploration

Explore-EQA [31]1 23.02 14.43
3D-Mem [52]* 37.05 20.26
RA-Mem! 42.81 21.95
MemoryExplorer (Ours) ' 46.40 28.03

tasks. However, these methods still rely solely on MLLM
reasoning. Our proposed MemoryExplorer extends RA-
Mem by incorporating reinforcement learning, improving
the model’s active memory retrieval and exploration capa-
bilities. Beyond active exploration, we also evaluate a post-
exploration setting, where MemoryExplorer collects obser-
vations during navigation to construct a memory bank, and
we compare the performance of different MLLM models
using Retrieval-Augmented Question Answering.
Quantitative Comparison. As shown in Tab. 2, our
model demonstrates higher robustness and efficiency com-
pared to existing embodied exploration methods on LMEE-
Bench. In addition, we evaluate current MLLMs using
retrieval-augmented question answering. We observe that
Qwen2.5-VL-7B performs better on open-ended questions,
while Qwen3-VL-8B and LLAVA-OV-7B excel at multiple-
choice questions. This suggests that misalignment between
cognitive understanding and action decision-making may
lead to hallucinations in the models.

The results on GOAT-Bench are shown in Tab. 3, RA-
Mem is more flexible than the memory pre-filtering mech-
anism used in 3D-Mem, as it actively generates memory
query texts to more effectively leverage long-term memory,
thereby significantly improving the model’s success rate.
Moreover, MemoryExplorer further enhances the agent’s
success rate and efficiency in multi-goal long-horizon navi-
gation, demonstrating the performance gains brought by im-
proved utilization of exploratory memories.

Qualitative results on LMEE-Bench. To intuitively
demonstrate the effectiveness of long-term memory—based
embodied exploration, we present a test case on LMEE-
Bench in Fig. 4. Through multi-goal exploration and mem-
ory accumulation, the agent progressively understands the
environment. When a question is presented, the agent re-
trieves relevant memories and answers the question.

Ablation Study. Our baseline is RA-Mem, and we apply
RFT to enhance the agent’s ability to actively retrieve mem-

Table 4. Ablation study on question type.

\ LMEE-Bench \ GOAT-Bench

Setting

\ SR SPL Score‘ SR SPL

Baseline 2096 12.18 35.52 | 42.81 21.95

Simple 20.80 1249 41.33 | 4424 27.29
Multiple-choice | 23.53 14.99 43.62 | 46.40 28.03
All 22.06 15.13 43.28 | 48.20 29.36

ories and exploration. We begin with a relatively simple
task-progress question: “Which objects in the task have al-
ready been found or completed?” The answer corresponds
to the discovered target objects, such as “tv, couch, oven,
sink.” We then increase the difficulty by extending it to
multiple-choice questions covering all five dataset ques-
tion types. Finally, we combine the two settings above.
As shown in Tab. 4, training the model using memory
retrieval tools significantly improved model performance,
while there is a non-linear positive correlation between the
question types and model performance. Using only a sin-
gle question type cannot achieve the best results, whereas
incorporating a richer variety of question types enables the
model to achieve strong performance.

Visualization. We visualize the training reward curve and
tool usage percentage in Fig. 5.The model gradually learns
to invoke the memory-retrieval tool more accurately, which
in turn leads to improved answer accuracy.

1.00
0-801 " erall reward . . .&h 2 ',},
N . \ \A2/%s/ L3
0.75 tool_used ratio T ﬂ“%w MM“ i‘ﬂ‘“
\ P’fy LI Yo & i 0.99
©0.70 A LY { o
g i ©
o
& 0.65 0'988
T 0.60 o
o | S
20.55 roh 0973
© e DL el g
0.50 ’\“““”‘“ W [W
/A
0.5 %1 090

0 20 40 60 80 100 120 140 160
Step

Figure 5. Training reward curve and tool usage percentage.

6. Conclusion

We propose Long-term Memory Embodied Exploration
(LMEE), which constructs a episodic memory bank through
Multi-goal Navigation and leverages Memory-based Ques-
tion Answering to promote the integration of cognitive and
decision-making. We further introduce MemoryExplorer,
a reinforcement learning framework that trains the model
to actively retrieve memory. A Multi-Task reward function
combining action prediction, frontier selection, and ques-
tion answering enables autonomous exploration and proac-
tive memory use. Our approach achieves strong perfor-
mance on both the LMEE-Bench and GOAT-Bench.
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