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Figure 1. Overview of MindExplore System: A hierarchical embodied intelligence system including reasoning, acting, and memory,

offering state-of-the-art generalizability in highly dynamic scenes. Unlike conventional planar embodied intelligence models that consoli-

date all capabilities within a single layer, MindExplore introduces a novel expert-level hierarchical embodied system architecture.

Abstract

Vision-Language-Action (VLA) is crucial for autonomous

decision-making in embodied systems. While current meth-

ods have advanced single-skill abilities, their short-horizon

capability limits applicability in real-world scenarios. To

address this challenge, we innovatively propose MindEx-

plore, a general hierarchical VLA system with cross-skill for

long-horizon tasks in highly dynamic sand. The key insight

is to iteratively align the knowledge domain of task plan-

ning and action execution. Thus, this task-oriented action

enables outstanding generalization across a wide range of

real-world scenarios. In the reasoning layer, task-specific

chains of thought (CoT) are designed for planning long-

horizon task sequences and providing meta-action signals.

In the acting layer, a simple but powerful Mixture of Pol-

∗ Equal contribution. † Corresponding authors.

icy Experts strategy is built inspired by signals and multi-

modal inputs for adaptively selecting skill experts and gen-

erating closed-loop action sequences. Also, it integrates

a lightweight Multimodal Diffusion Policy (MMDP) to en-

hance spatial perception by fusing multi-visual modality

features. Besides, the pioneering memory mechanism es-

tablishes feedback between the reasoning and acting layers,

facilitating adaptive execution of long-horizon tasks and

real-time replanning. Notably, we create SandGo-1k and

SandThink-21k, the first expert-level multimodal embodied

dataset and CoT dataset tailored for sandy environments.

At a high execution frequency of 30 FPS, MindExplore is

3.01 × more successful than existing methods in unstruc-

tured and dynamic environments.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction

Current Visual-Language-Action (VLA) data and meth-

ods mainly focus on short sequence tasks of single abil-

ity [6, 20], that is, single-skill sequences limited to ei-

ther arm operations or base movements, making them ef-

fective for simple tasks requiring only “muscle memory”.

[13, 20, 24]. However, these approaches fail to general-

ize for long-horizon tasks in real-world scenarios, particu-

larly in complex terrain action [14, 33]. This requires ne-

cessitates the agent to handle long-horizon and multi-skill

instructions in highly dynamic environments [37]. Thus,

successful execution in such settings needs deep consid-

eration—Reasoning, precise control—Acting, and adaptive

feedback—Memory [5].

To achieve this, three key challenges must be addressed:

(1) Task-oriented Chain of Thought (CoT) reasoning re-

quires the hierarchical decomposition of coarse-grained

human instructions into executable sequences of meta-

actions, ensuring long-horizon alignment in dynamic en-

vironments [10, 20, 23]; (2) High-Precision Multimodal

Control through a lightweight spatial perception framework

fuses RGB, depth, and LiDAR inputs for robust motion cal-

ibration and manipulation accuracy [17, 35]; (3) Adaptive

State Tracking that dynamically memorizes system states

and task progress, enabling real-time closed-loop feedback

between planning and acting to mitigate error propagation

from perceptual drift or control misalignment [1, 43]. Con-

sequently, this remains an open and worthwhile challenge

so far.

In this paper, we propose MindExplore for long-horizon

tasks in complex and dynamic environments with a novel

expert-level hierarchical embodied system architecture (see

Figure 1). Our MindExplore is inspired by the discovery

that continuous iterative alignment of the knowledge do-

main between task planning and action execution enables

strong generalization across diverse real-world scenarios.

On one hand we pursue task-oriented CoT in the Reason-

ing layer for effectively capturing meta-action sequences,

while on the other hand we design a straightforward Mix-

ture of Policy Experts (MoPE) strategy in the Acting Layer

for flexibly generating closed-loop action sequences. More-

over, Memory Mechanism is designed to establish feed-

back between the reasoning and acting layers. Thus, the

proposed MindExplore formulates long-horizon task exe-

cution into trainable skill expert policies, providing inno-

vative guidance for hierarchical embodied intelligence sys-

tems without failures in highly dynamic environments. We

also introduce a lightweight Multimodal Diffusion Policy

(MMDP) that is dedicated to integrating RGB, depth and

LiDAR data into a feature embedding space, thus enhanc-

ing spatial perception and motion control capabilities. To

accurately evaluate complex tasks, we construct SandGo-

1k and SandThink-21k as the first expert-level multimodal

embodied dataset and CoT dataset, respectively. We also

carry out experiments to show that, the system maintains

high accuracy and efficient execution even in highly dy-

namic environments such as mobile and unstructured sand,

which validates our architecture. Our key contributions are

summarized as follows:

• We propose MindExplore, a novel expert-level hierarchi-

cal embodied system to adapt long-horizon tasks in un-

structured and dynamic environments. To our best knowl-

edge, MindExplore is the first work to formulate Reason-

ing, Acting and Memory into a unified architecture.

• We create SandGo-1k, the first embodied intelligence

dataset for mobile operations in complex environments. It

includes text-vision (RGB, depth, and LiDAR) data cov-

ering complex movement episodes. Building on this, we

further construct a multimodal CoT dataset for highly dy-

namic terrains, SandThink-21k.

• We empirically evaluate the accuracy on real-world ex-

periments across diverse complex terrains with 24 distinct

tasks, such as steep slopes, pits, and dunes. These exper-

iments highlight MindExplore exceptional performance

for long-horizon tasks in real-world scenarios.

2. Related Work

2.1. Visual Chain-of-Thought

CoT reasoning [32] has become fundamental in MLLMs

[40, 41], with applications in science [21], mathematics

[22], and advanced question answering [36]. Recently, vi-

sual CoT has been applied to robotics [19, 29, 37] to tackle

task-specific challenges. However, existing methods fo-

cus on single-instruction, single-step tasks, failing in com-

plex scenarios that demand long-horizon task decomposi-

tion. We argue that orchestrating concise instructions into

structured long-horizon tasks is a critical step toward au-

tonomous robot decision-making.

2.2. Embodied System

The long-horizon tasks in open-world environments has

been a major challenge in robotics research [9]. Numer-

ous studies leverage MLLMs with extensive world knowl-

edge to decompose instructions into subtasks, which are ex-

ecuted by lightweight VLA models [4, 16, 24, 28]. The key

challenges can be summarized as follows:

Challenge 1: How can instructions be expanded into

long-horizon action sequences and executed flawlessly?

Challenge 2: How to effectively accomplish movement

and manipulation in complex and dynamic terrain?

Challenge 3: How to overcome the data missing caused

by the difficulty of simulation of highly dynamic scenes?
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3. The System Dataset

To address Challenge 3, we collect a multi-task embodied

operation dataset SandGo-1k, using a tracked mobile robot

with a single-arm manipulator (as shown in Figure 2) in a

real sand. Based on SandGo-1k, we generate a reasoning-

acting embodied instruction dataset SandThink-21k.

3.1. Embodied Dataset: SandGo-1k

Scene Setup and Data Collection
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Figure 2. Left: AgileX Robotic arm degrees of freedom and envi-

ronmental layout (rugged terrain, obstacles, pits, dunes). Middle:

Base movement states. Right: Collected data content.

Environmental Layout. In real-world tasks [26, 30, 31,

42], uneven sandy terrains dominate outdoor applications,

making them essential for studying mobile manipulation

systems. The high dynamic fluidity of sand demands adap-

tive adjustments, while its visual noise complicates percep-

tion and calibration. Enhancing generalization in unstruc-

tured environments remains a key challenge, and our exper-

iments show that a system robust in sandy conditions can

more easily generalize to simpler terrains like factory floors,

asphalt roads, or regular soil. Therefore, to investigate the

capabilities of mobile manipulation systems in highly dy-

namic and complex environments, we select sand as the pri-

mary experimental setting, including potholes, steep slopes,

mounds, and rough roads, and construct a 6 × 8 meters

real-world sandbox for data collection and evaluation, as

depicted in Figure 2.

Task Setup and Collection Process. We design three

long-horizon meta-tasks: (1) Cruising and Obstacle Avoid-

ance, training the model for environmental perception and

motion planning in complex terrains; (2) Sampling, en-

abling the model to perform instruction-following, target lo-

calization, and coordinated base-arm movement; (3) Writ-

ing, enhancing the model’s fine manipulation capabilities.

Based on these, we can decompose and reassemble them

into five meta-actions: (1) Moving to a Target Location,

(2) Crossing Obstacles, (3) Grasping a Specified Object,

(4) Placing the Object into a designated Container, and (5)

Writing. During data collection, task instructions are manu-

ally written and decomposed into sequences of meta-actions

with individual instructions. Each meta-action is saved as

an episode, serving as the smallest unit of data collection.

Data Content. The collected data includes: (1) Sen-

sor information, consisting of RGB-Depth images from the

two cameras and LiDAR point clouds; (2) Robot state and

manipulation commands, including the arm’s pose and ve-

locity, as well as the base’s angular and linear velocities; (3)

Text instructions for long-horizon tasks and meta-actions.

3.2. CoT Dataset: SandThink-21k

Effective robotic task execution requires goal comprehen-

sion, subgoal decomposition, and precise action sequenc-

ing. However, existing methods often lack structured rea-

soning mechanisms for long-horizon task decisions. To ad-

dress this, we introduce a CoT reasoning dataset that en-

ables deep reasoning before action generation, transforming

concise instructions into structured long-horizon tasks for

optimal execution. Our dataset follows a four-stage struc-

ture: (1) Goal Explanation; (2) Subgoal Decomposition; (3)

Action Sequence Generation; (4) Action Sequence Model-

ing. By explicitly structuring these stages, our dataset mit-

igates fragmented planning and enhances decision-making.

To improve model comprehension, each stage is marked

with dedicated tags (e.g., <Goal Explanation>,

...</Goal Explanation>). Except for the final ac-

tion sequence, intermediate responses are generated using

GPT-4o, with task instructions rewritten for dataset expan-

sion. Additionally, we incorporate 5,700 public complex

surface images to leverage their similarity to sand terrain.

The final dataset, SandThink-21k, consists of 21k CoT sam-

ples for model training.

4. The MindExplore System

4.1. Reasoning Layer

To enhance reasoning abilities for long-horizon tasks, we

employ a two-stage training strategy consisting of cold start

followed by iterative direct preference optimization [7].

4.1.1. Cold Start with Curriculum Learning

To promote structured reasoning in complex robotic en-

vironments, we employ SigLIP to match text instruc-

tions with collected images of Sandgo-21k in feature

space, filtering out blurred image data caused by jit-

ter, and finally cold-start training all linear layers of the

Qwen2-VL-7B-Instructmodel with LoRA. The train-

ing goal at this stage is to maximize the probability of gen-

erating an reasoning result given the image and instruction

input. Let Xv denotes the image input and Xq denote the
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Figure 3. MindExplore System Overview. MindExplore comprises a reasoning layer for task decomposition and an acting layer for

execution. The Reasoning Layer, built on Qwen2-VL, applying Chain-of-Thought (CoT) reasoning to generate structured meta-action

instructions. The acting Layer, a Mixture of Policy Experts (MoPE), includes two Multimodal Diffusion Policies (MMDPs): a base expert

using RGB-Depth and LiDAR for movement, and an arm expert using RGB-Depth for manipulation. The Memory Mechanism ensures

real-time feedback, enabling the reasoning layer to dynamically adjust the actions of the acting layer for optimal execution.

instruction input. The objective formula is as follows:

Lcold−start =

L
∑

i=1

logP (Xa,i|Xv, Xq, Xa,<i), (1)

where Xr denotes the reasoning output and L is its length.

To effectively guide training, we employ a curriculum learn-

ing approach [3], where data is arranged in order from easy

to difficult. Initially, the model is trained on structured com-

plex surface data, followed by real-world sand scenes. This

progression ensures that the model first learns basic rea-

soning skills before transitioning to more complex tasks.

By gradually increasing the task complexity, the model ac-

quires structured reasoning capabilities and improves its

ability to handle real-world uncertainty.

4.1.2. Enhancing Reasoning with RL

While cold start establishes structured reasoning, reinforce-
ment learning is used to further refine the model’s reasoning
quality. We employ Iterative DPO to optimize the model’s
decisions in multimodal scenarios. Given an image I and a
task instruction Q, the model generates an inference chain
R. DPO is based on the Bradley-Terry (BT) model:

P (R
+

> R
−

| I,Q) =
exp(rφ(I,Q,R+))

exp(rφ(I,Q,R+)) + exp(rφ(I,Q,R−))
. (2)

rφ is a parameterized reward model, R+ and R− denote

preferred and non-preferred reasoning sequences.
The policy model πθ is trained to maximize the preferred

alignment inference, while reference model πref is used to
stabilize training process. The initial objective function is:

max
πθ

E(I,Q,R+,R−) [rφ(I,Q,R)] − βDKL (πθ(R|I,Q)∥πref(R|I,Q)) .

(3)

To stabilize training, we also incorporate a standard su-

pervised fine-tuning loss, ensuring that the model retains the

structured reasoning of supervised fine-tuning while bene-

fiting from preference-based optimization. The loss func-

tion is given by the following formula:

LDPO(θ) = −E(I,Q,R+,R−)

[

log σ
(

β log
πθ(R

+|I,Q)

πref (R+|I,Q)

−β log
πθ(R

−|I,Q)

πref (R−|I,Q)

)

+ α
log πθ(R

+|I,Q)

|R+|

]

.

(4)

where θ denotes the trainable parameters of the model, |R+|
denotes preferred reasoning length, the hyperparameter α

balances the two loss terms and β is a scaling factor.

To build high-quality preference data, we refine the se-

lection process in 3 rounds of training. In each iteration, we

sample 8 inference outputs for each task and rank them us-

ing GPT-4o with preference scores ranging from 0 to 100.

The selection follows a progressive rejection strategy:

• Iteration 1: The highest scoring response is selected as

R+, while the lowest scoring response is taken as R−.

• Iteration 2: R− is selected as the highest ranked re-

sponse below 60, increasing the task complexity.

• Iteration 3: R− is the lowest ranked response above 60,

making model learn fine-grained reasoning distinctions.

This approach enables models to excel in structured mul-

timodal reasoning and long-horizon robotic planning.
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4.2. Acting Layer

The Acting Layer generates a set of manipulation parame-

ters and focuses on optimizing the joint probability distribu-

tion of all outputs. Therefore, generative diffusion models

excelling in expressive capability and sampling quality [12]

can be applied. Since the data dimensions of manipulation

parameters is much smaller than that of image, the acting

layer could get fast generation speed to provide real-time

feedback to dynamic changes [18, 38, 39].

4.2.1. Multimodal Diffusion Policy

Most VLAs use only single-modal sensor data, which strug-

gles to provide precise manipulation for instruction follow-

ing in complex environments. In challenging visual set-

tings, RGB images often contain significant noise, such as

the similarity in color between the cube in Figure 2 and the

sandy terrain. On the other hand, models based solely on

depth or point cloud data lack the ability to perceive scene

details and cannot align with the semantic features of in-

structions. To address these, we propose a multimodal dif-

fusion Policy model (MMDP) that jointly exploits informa-

tion of multi-sensor data and textual instructions.

We employ the robot manipulation visual encoder R3M,

proposed in [25], to encode the RGB images. Instead of

concatenating the depth and RGB images along the channel

dimension, we transform them into point cloud data using a

perspective projection model:

X(u, v) =
(u− cx) ·D(u, v)

fx
, (5)

Y (u, v) =
(v − cy) ·D(u, v)

fy
, (6)

Z(u, v) = D(u, v), (7)

where u and v are the pixel coordinates in the depth image,

D(u, v) is the depth value of the pixel, fx and fy are the

camera’s focal lengths, cx and cy are the image’s principal

point coordinates, and (X,Y, Z) represents the 3D coordi-

nates of the point cloud data. We use the pyramid convolu-

tional encoder from iDP3 [38] to encode point cloud data,

while DistilBERT [27] is employed to encode textual in-

structions into feature vectors. Additionally, we propose a

fusion adapters for both the sensor data and text, consisting

of two linear layers, to map encoder outputs into an unified

feature space.

The manipulation parameter generation process of the

MMDP is based on the conditional denoising diffusion gen-

eration of a lightweight 1D convolutional diffusion model.

Specifically, we sample a random Gaussian noise aKand

perform k iterations of denoising using a conditional de-

noising network ϵθ, conditioned on RGB data r, depth infor-

mation d, LiDAR data p, instruction data i, and the robot’s

state q, to recover aK into the manipulation parameters a0:

ak−1 =αk

(

ak − γkϵθ
(

ak, k, r, d, p, i, q
))

+ σkN (0, I) ,
(8)

where N (0, I) is Gaussian noise, αk, γk, and σk are func-

tions of k and depend on the noise scheduler [12]. During

training, we iteratively add random noise ϵk for k steps to

the manipulation parameters, resulting in the noisy action

āka
0 + β̄kϵ

k, where āk and β̄k are the noise schedule pa-

rameters that performs one step noise adding. The denois-

ing network ϵθ is then used to predict the random noise ϵk,

and the training loss function is as follows:

L = MSE
(

ϵk, ϵθ(ᾱka
0 + β̄kϵ

k, k, r, d, p, i, q)
)

. (9)

4.2.2. Mixture of Policy Experts

The acting layer needs to provide precise feedback to dy-

namic environmental changes with relatively low model

complexity, we argue that a unified manipulation model and

unfiltered sensor inputs may interfere with the acting layer’s

accurate manipulation of specific meta-actions. Therefore,

we propose a Mixture of Policy Experts Model that decou-

ples manipulation of the robot’s base and arm. The base

expert is primarily responsible for executing meta-actions

related to movement, outputting only the linear and angular

velocities of base. Multimodal inputs are filtered to include

RGB images from the base camera, base point cloud data

with depth values less than 1.5m, and LiDAR point clouds

within a horizontal radius of 1.2m. The arm expert performs

meta-actions for grasping and placing, outputting only the

pose and velocity parameters for arm manipulation. Its sen-

sor inputs are RGB images from both the base and arm cam-

eras, base point cloud data with depth values less than 0.8m,

and arm point clouds with depth values less than 0.5m.

4.3. Memory Mechanism

Figure 4. The details of Memory Mechanism

To enhance the coordination between the Reasoning

Layer and the Acting Layer and achieve global control over

both software and hardware, we design a memory mecha-

nism with real-time feedback and gated routing. As shown

in Figure 4, upon receiving a human instruction, the mem-

ory mechanism first processes multi-view RGB images and

task instructions, which are fed into reasoning layer to gen-

erate a sequence of meta-action instructions. The gated

routing network then sequentially assigns each meta-action

to the corresponding VLA action expert, while real-time
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Table 1. The success rates of different VLA models across 24 tasks in four long-horizon tasks.

Coarse-Grained Long-Horizon Tasks Intensive Instruction-Following Tasks

Method Task1 Task2 Task3 Task4 Task5 Task6 Avg. (%) Task7 Task8 Task9 Task10 Task11 Task12 Avg. (%)

OpenVLA 0/10 0/10 3/10 0/10 2/10 1/10 10.00% 1/10 3/10 0/10 0/10 1/10 2/10 11.67

RDT 5/10 3/10 0/10 3/10 6/10 5/10 36.67% 5/10 3/10 2/10 0/10 5/10 5/10 33.33

MindExplore 10/10 8/10 8/10 7/10 10/10 10/10 88.33 10/10 9/10 10/10 8/10 9/10 10/10 93.33

Cross-Expert Tasks Zero-Shot Generalization Tasks

Method Task13 Task14 Task15 Task16 Task17 Task18 Avg. (%) Task19 Task20 Task21 Task22 Task23 Task24 Avg. (%)

OpenVLA 0/10 0/10 1/10 0/10 0/10 0/10 1.67% 0/10 0/10 0/10 2/10 0/10 0/10 3.33

RDT 4/10 3/10 5/10 1/10 2/10 6/10 35.00% 2/10 1/10 3/10 0/10 0/10 3/10 15.00

MindExplore 9/10 10/10 10/10 9/10 9/10 9/10 93.33 10/10 8/10 8/10 9/10 7/10 10/10 86.67

multimodal sensor data is provided to the corresponding

acting layer’s action expert to generate control parameters,

which are subsequently used to execute actions via the hard-

ware. The gated routing network can be formatted as:

wAE , wBE = softmax(FFN(DistillBert(mi))), (10)

MoPE(mi) =

{

fAE(mi, IAE), if wAE > wBE

fBE(mi, IBE), if wAE ≤ wBE

,

(11)

where mi represents a single meta-action instruction, while

IAE and IBE denote the multimodal sensor inputs required

by the arm expert and base expert, respectively. During this

process, the memory mechanism stores the initial multi-

view RGB images received by reasoning layer and con-

tinuously feeds the current state of the robot back to Act-

ing Layer while it generates control parameters, enabling

real-time adjustments. Additionally, the memory mecha-

nism supplies reasoning layer with both current and his-

torical RGB sensor images, equipping reasoning layer with

multi-temporal environmental perception to determine the

completion status of each meta-action. If a meta-action is

successfully executed, the memory mechanism forwards the

next action to acting layer. If an error occurs during execu-

tion, it triggers reasoning layer to replan the entire task, gen-

erating a new sequence of meta actions, thereby improving

execution stability and robustness.

5. Experiments

5.1. Implementation Details

We train the Reasoning Layer with SandThink-21k and

the acting layer using individual meta-actions from the

SandGo-1k, with each meta-action representing an episode.

Movement and crossing obstacle are used to train the base

expert, while grasping, placing, and writing are used to train

the arm expert. During training, we randomly apply GPT-

4o for instruction augmentation to simulate task instructions

with varying levels of granularity. The SAM model [15]

is used for semantic segmentation of RGB images, replac-

ing the black background with different colors for data aug-

mentation. We evaluate the MindExplore system directly in

the same sandpit scenario, using success rates as the met-

ric, which is the ratio of successful trials to the total number

of experiments. The tests are conducted with varying scene

configurations and ensures that all comparison models are

tested under the same conditions.

5.2. System Performance

5.2.1. Performance on Real World Tasks

We evaluate 24 real-world robotic tasks categorized into

four types, each containing six distinct tasks. All these eval-

uated tasks can be divided into four categories according to

their ability to complete long-horizon tasks, and we con-

ducted 615 trials on real robots, ensuring its accuracy on

meta-action and long-horizon tasks.

Coarse-Grained Long-Horizon Tasks. These tasks in-

volve high-level, ambiguous instructions (e.g., “grab the

branch”), requiring the system to first interpret and structure

precise task sequences before execution. The robot must

break down vague commands into actionable steps, Such as

object grasping after obstacle avoidance (Task 1, 2), going

to position writing (Task 3, 4), and navigating challenging

terrain to complete sampling (Task 5, 6).

Intensive Instruction Following Tasks. These tasks

consist of sequential, interdependent sub-tasks, testing the

system’s compositional reasoning and execution fluency.

The robot must understand and follow multi-step instruc-

tions with precision, such as continuous pick-and-place op-

erations are performed in a dynamically changing environ-

ment (Task 7-9), and sampling is performed after multiple

obstacle avoidance (Task 10-12).

Cross-Expert Tasks. These tasks demand seamless co-

ordination between base movement and arm manipulation,

requiring the integration of multiple operational skills (e.g.,

moving, turning, grasping, and placing) through cross-

modal reasoning. The robot must reason about motion and

manipulation tasks in combination, such as grasping a spec-

ified object to place in a container (Task 13-15) and writing

at a specified location (Task 16-18).

Zero-Shot Generalization Tasks. These tasks evaluate
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Meta Action Ⅳ
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the pink container.

Meta Action Ⅴ
Base & Arm Base Expert Base Expert Base Expert Arm Expert Arm Expert

Figure 5. During long-horizon tasks, the reasoning layer decomposes the instruction into a structured sequence of executable steps. The

acting layer then orchestrates the hierarchical execution by leveraging the Base Expert and Arm Expert.

Table 2. Comparison results with the most powerful closed-source and open-source MLLMs on three tasks.

Model

Coarse-Grained

Long-Horizon Tasks

Intensive Instruction

Following Tasks

Cross-Expert

Multi-Tasks

The Zero-Shot

Generalization Tasks

ROUGE L (%) Acc. (%) ROUGE L (%) Acc. (%) ROUGE L (%) Acc. (%) ROUGE L (%) Acc. (%)

GPT-4o-latest 33.02 47.00 37.54 50.00 41.59 61.00 29.17 21.00

Gemini-2.0-Flash 29.52 43.00 33.69 49.00 43.53 55.00 24.36 18.00

InternVL2.5-8B 14.71 33.00 17.45 40.00 19.37 43.00 19.88 15.00

Qwen2.5-VL-7B 17.32 35.00 18.93 44.00 25.32 49.00 23.73 19.00

DeepSeek-VL2 11.84 27.00 14.61 40.00 19.49 43.00 7.18 5.00

Reasoning Layer 69.35 87.00 70.23 81.00 75.35 89.00 63.17 73.00

the ability of system to adapt previously unseen environ-

mental terrain (Tasks 19 to 21) and object types (Tasks 22

to 24). The robot must generalize over different objects

(branches, bottles, and stones), recognize and manipulate

objects despite variations in texture, shape, and weight, and

adjust to new ground conditions (rugged, steep slopes).

Table 3. Success Rates of the Acting Layer across 5 meta-actions:

Moving to a Target Location (MTL), Crossing Obstacles (CO),

Grasping a Specified Object (GSO), Placing the Object into a Des-

ignated Container (POC), Writing (Wr). Avg. - Average Success

Rate, BE - Base Expert, AE - Arm Expert.

Method MTL CO GSO POC Wr Avg. (%)

ACT 13/100 3/65 37/100 55/60 19/50 36.86

iDP3 47/100 27/65 49/100 43/60 21/50 50.24

BE 85/100 58/65 - - - 87.12

AE - - 79/100 60/60 48/50 91.67

We select the OpenVLA [14] and the diffusion model

RDT [18] as comparison methods. As shown in Table 1,

in instruction-following, MindExplore’s performance im-

proves as instruction granularity increases, whereas Open-

VLA and RDT perform better with coarse-grained instruc-

tions than with intensive instructions. We attribute this to

MindExplore’s strong reasoning capability, where more in-

formative instructions guide the model to execute more pre-

cise actions, whereas OpenVLA and RDT tend to favor sim-

ple instruction descriptions and lack deep thoughts for long-

horizon tasks. In multi-skill coordination, MindExplore

outperforms single-expert models with a higher success rate

due to the MoPE. In terms of generalization, compared to

end-to-end MLLM and VLAs without world knowledge,

MindExplore demonstrates strong generalization capabili-

ties in unseen scenarios. Notably, the average sequence

length for the cruising and obstacle avoidance task is 3.12,

for the sampling task is 4.3, and for the writing task is 2. We

find that the success rates of OpenVLA and RDT decrease

progressively with the increasing meta-action length across

three tasks. In Figure 5, MindExplore maintains a consis-

tent success rates across sequences of varying lengths, ben-

efiting from its superior task planning, decomposition capa-

bilities, and the memory mechanism.

5.2.2. Performance of Different Components

We also assess the performance of the two key components,

reasoning and acting layer. For reasoning layer, we collect

480 RGB-instruction pairs across four test tasks as the eval-

uation dataset, and select the most powerful closed-source

and open-source MLLMs for comparative experiments, in-

cluding GPT-4o-latest, Gemini-2.0-Flash, InternVL2.5-8B

[8], Qwen2.5-VL-7B [2], and DeepSeek-VL2 [34]. We

use prompt to force all models to output a reasoning pro-

cess similar to reasoning layer, and only focus on the out-

put content of action sequence modeling, using ROUGE L

and meta-action planning accuracy to evaluate model per-

formance. The experimental results are shown in Table 2.

Reasoning layer performs best on all indicators and tasks.

For acting layer, we compare it with two typical ma-

nipulation models, the RGB-based ACT [11] and the

point-cloud-based iDP3 [38]. Since both methods are

not instruction-following models, a separate manipulation

model must be trained for each meta-action. In contrast,

the acting layer only requires training two expert models to
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Table 4. Ablation results with training strategy on three tasks. “+” stands for accumulation.

Model

Coarse-grained

Long-horizon tasks

Intensive instruction

following tasks

Cross-Expert

multi-tasks

The zero-shot

Generalization task

ROUGE L (%) Acc. (%) ROUGE L (%) Acc. (%) ROUGE L (%) Acc. (%) ROUGE L (%) Acc. (%)

Qwen2-VL-7B 13.54 29.00 15.22 35.00 23.17 37.00 7.31 19.00

+ Cold Start 47.35 62.00 51.42 68.00 64.57 75.00 33.16 43.00

+ iteration 1 54.18 69.00 54.54 70.00 67.15 79.00 35.34 55.00

+ iteration 2 61.58 75.00 63.29 79.00 70.23 81.00 46.57 64.00

+ iteration 3 69.35 87.00 70.23 81.00 75.35 89.00 63.17 73.00

Table 5. Ablation study of the MindExplore system on the cruising and obstacle avoidance task.

Method Task1 Task2 Task7 Task8 Task13 Task14 Task19 Task20 Avg. (%)

w/o Reasoning & Memory 5/10 5/10 8/10 6/10 4/10 6/10 9/10 5/10 60.00

w/o Memory 8/10 7/10 10/10 7/10 5/10 8/10 9/10 7/10 76.25

MindExplore 10/10 8/10 10/10 9/10 9/10 10/10 10/10 8/10 92.50

Table 6. Ablation Study on Input Modalities for Meta-Actions.

“PC” - Point Cloud, “2D” - 2D Images.

Method Input Modality Depth Type MTL GSO

AE RGB - - 23/50

AE Depth+RGB PC - 40/50

BE RGB - 5/50 -

BE LiDAR+Depth PC 37/50 -

BE LiDAR+Depth+RGB 2D 32/50 -

BE LiDAR+Depth+RGB PC 42/50 -

control different hardware structures, which is parameter ef-

ficient. As shown in Table 3, the ACT performs worst on ac-

tions requiring long-distance movement, such as MTL and

CO, indicating that point cloud with spatial information is

crucial for movement manipulation. By combining spatial

information with color and texture information from RGB

images, the BE and AE achieve better alignment between

object semantics and text instructions in real-world scenes,

achieving the highest success rates across all meta-actions.

5.3. Ablation Study

Ablation results of Reasoning Layer. Compared to

DeepSeek-VL2 and InternVL2.5, although they are on par

with Qwen2-VL in some benchmark indicators, they lack

scalability for real-world tasks in embodied systems, such

as spatial calibration, semantic perception, and fine-grained

object recognition in noisy backgrounds (e.g., inability to

distinguish between sand and yellow branches). There-

fore, we chose Qwen2-VL as the base model of the rea-

soning layer. To prove the effectiveness of the Reasoning

Layer training method, we performed detailed ablation ex-

periments on three tasks, which involved adding our train-

ing methods one by one to the basic model. As shown in

Table 4, cold start enables the model to obtain structured

reasoning capabilities. The three rounds of iterative DPO

training further improve the model’s reasoning quality and

achieve self-improvement by continuously building high-

quality preference datasets.

Ablation of Acting Layer. We explore the impact of

different input modalities on acting layer. As shown in Ta-

ble 6, the performance of the AE using pure vision declined

due to the lack of spatial information, and the RGB-based

BE achieves just a 10% success rate in MTL. Similarly, the

point-cloud-based BE also shows lower success rates, as

point cloud data failed to align effectively with the semantic

content of instructions. Additionally, we test concatenating

Depth images with RGB images along the channel dimen-

sion. The results show that point cloud data in acting layer

better leverages the spatial information from Depth images.

Ablation of MindExplore System. We conduct an abla-

tion study on the core components of the MindExplore sys-

tem. In Table 5, in the reasoning layer and acting layer sys-

tem without the memory mechanism, Reasoning layer per-

forms a single task decomposition and sequentially sends

meta-action instructions to acting layer. However, without

timely state feedback and error correction from acting layer,

the system is highly susceptible to error accumulation, re-

sulting in a decrease in success rate. Further, when the

Reasoning layer component is removed and only the acting

layer is used, the success rate on the cruising and obstacle

avoidance task significantly drops due to the lack of deep

reasoning and acting of the task instructions. Nonetheless, it

still outperforms other VLAs, demonstrating that the MoPE

structure can ensure accurate completion of base tasks.

6. Conclusion

We propose MindExplore, a hierarchical embodied system

designed for long-horizon tasks, including Reasoning, Act-

ing, and Memory Mechanism. By aligning planning with

action, MindExplore achieves strong generalization in dy-

namic environments. Besides, we introduce SandGo-1k and

SandThink-21k, the first expert-level multimodal embod-

ied and CoT datasets, bridging the data gap in challeng-

ing terrains. Real-world evaluations demonstrate MindEx-

plore achieves better performance, ensuring high reliability

in complex environments.
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