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Abstract

Object Goal Navigation (ObjectNav) in unknown environ-
ments presents significant challenges, particularly in Open-
Vocabulary Mobile Manipulation (OVMM), where robots
must efficiently explore large spaces, locate small objects,
and accurately position themselves for subsequent manip-
ulation. Existing approaches struggle to meet these de-
mands: rule-based methods offer structured exploration but
lack adaptability, while reinforcement learning (RL)-based
methods enhance adaptability but fail to ensure effective
long-term navigation. Moreover, both approaches often
overlook precise stopping positions, which are critical for
successful manipulation. To address these challenges, we
propose APRR (Active Perception meets Rule-guided RL),
a two-phase framework, which designs a new rule-guided
RL policy for the exploration phase and a novel active tar-
get perception policy for the last-mile navigation phase.
Inspired by human search behavior, our rule-guided RL
policy enables efficient and adaptive exploration by com-
bining structured heuristics with learning-based decision-
making. In the last-mile navigation phase, we introduce
an RL-based policy enhanced with active target percep-
tion, allowing the robot to refine its position dynamically
based on real-time detection feedback. Experimental re-
sults demonstrate that APRR improves the success rate by
13%, significantly outperforming existing methods. Fur-
thermore, real-world experiments validate the practicality
and effectiveness of APRR in real-world mobile manipu-
lation scenarios, offering a robust and adaptable solution
for precise object navigation. The code is available at
https://github.com/qinliangql/APRR.

*Corresponding author.
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Figure 1. Comparison of our approach with existing methods. (a)
illustrates the difference between our approach and rule-based and
RL-based methods during the exploration phase. Our rule-guided
RL strategy enables a structured yet adaptive search, effectively
overcoming the limitations of previous approaches. (b) demon-
strates the advantages of employing active perception in the last-
mile navigation stage, where our method helps the agent position
itself at an optimal viewpoint for subsequent manipulation.

1. Introduction

Navigation in unknown environments is extensively stud-
ied [1–3, 7, 12, 24] in the field of robotics, with most re-
search focusing on moving from point A to point B. How-
ever, in real-world applications, particularly in household
environments, robots must not only navigate efficiently but
also position themselves correctly to perform downstream
manipulation tasks. Open-Vocabulary Mobile Manipulation
(OVMM) [27] extends this challenge by requiring an agent
to execute instructions such as “Move the apple from the
table to the sofa.” This involves a sequential process: first
navigating to find the apple on the table, then grasping it,
transporting it to the sofa, and finally placing it.

This work focuses on the most critical sub-task of
OVMM—navigating to the object before grasping it, re-
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ferred to as OVMM ObjectNav. While this task falls
within the broader scope of Object Goal Navigation (Ob-
jectNav), it differs significantly from conventional Object-
Nav settings. Prior benchmarks such as HM3D [15] and
MP3D [14] assume navigation targets that are large, visu-
ally salient, and easily detectable (e.g., beds, sofas) within
moderate-scale indoor environments. In contrast, OVMM
ObjectNav requires searching small, often occluded objects
(e.g., apples, cups) in large, complex, and cluttered envi-
ronments. More critically, the task requires not only locat-
ing the object but also ensuring that the robot stops at an
appropriate position and orientation for subsequent interac-
tion. These factors significantly increase the difficulty of
efficient and precise navigation.

As shown in Fig. 1, existing approaches to this task
are broadly categorized into rule-based and reinforcement
learning (RL)-based methods, both of which have notable
limitations. Rule-based approaches [11, 22], while offer-
ing structured and systematic exploration, often suffer from
inefficiencies, rigid behavior, and an inability to adapt dy-
namically to the agent’s state, leading to failures such as
getting stuck. In contrast, RL-based navigation methods
[9] provide greater adaptability but lack long-term mem-
ory, resulting in inefficient exploration patterns where the
agent repeatedly searches the same areas. More critically,
existing approaches fail to explicitly address the problem
of stopping at an optimal position for manipulation, often
leading to suboptimal final poses that hinder subsequent in-
teractions with the target object.

To address these challenges, we propose APRR (Ac-
tive Perception Meets Rule-Guided RL), a novel two-phase
framework that decouples OVMM ObjectNav into distinct
exploration and last-mile navigation stages. In real life, hu-
mans do not solely rely on instruction instructions or prior
experience but rather integrate both to effectively navigate
unknown spaces. Inspired by this, we propose a rule-guided
reinforcement learning strategy for the exploration stage.
The policy aims to combine the strength of two fundamen-
tal components: following explicit guidance and leverag-
ing prior experience. In other words, the robot uses rule-
guided reinforcement learning to explore the environment
efficiently, integrating structured exploration with adaptive
RL capabilities to localize the target region.

In the last-mile navigation phase, we introduce a new
reinforcement learning strategy for active target detec-
tion. This approach mirrors human behavior when reach-
ing for an object, humans dynamically adjust their position
and viewpoint based on feedback from their surroundings.
Likewise, our model learns active target detection policy
with real-time detection feedback—such as object masks,
confidence scores, and spatial context—from a fine-tuned
YOLO-World [4] detector combined with SAM2 segmen-
tation [16]. This enables the robot to refine its position and

orientation, ensuring it stops at an optimal viewpoint for
subsequent manipulation.

Experimental results demonstrate that APRR outper-
forms existing approaches, achieving a 13% improvement
in success rate in challenging OVMM ObjectNav tasks.
Furthermore, real-world experiments validate the practical-
ity and effectiveness of our approach in physical robotic
systems, demonstrating its robustness and adaptability for
real-world mobile manipulation. By decoupling exploration
from last-mile navigation, and integrating rule-guided rein-
forcement policy for exploration with active target detection
for precise stopping, APRR offers a robust and adaptable
solution for precise object navigation. This lays a strong
foundation for more effective mobile manipulation in real-
world environments.

2. Related Work

2.1. Open-Vocabulary Mobile Manipulation
The Open-Vocabulary Mobile Manipulation (OVMM) task
is first formally defined in the Home-Robot [27] framework,
encompassing not only open-vocabulary object goal naviga-
tion but also complex object interaction tasks such as grasp-
ing and placement. Since its introduction, numerous efforts
have been made to tackle the OVMM challenge [26], with
most approaches [9, 11] in this challenge extending rule-
based baselines by refining heuristics and addressing cor-
ner cases. For instance, UniTeam [11] refined navigation
heuristics to prevent infinite loops and improved object de-
tection by adjusting confidence thresholds. Team KuzHum
[9] enhanced the place skill policy through reward engineer-
ing and optimized the high-level heuristic to improve over-
all task success.

One notable work, PoLo [22] shares our focus on the
ObjectNav sub-task of OVMM. This method utilizes prior
knowledge of object co-occurrence patterns to estimate
probable object locations, thereby enhancing navigation ef-
ficiency by reducing search time. However, this approach
heavily relies on learned spatial priors, which may struggle
to generalize to unseen environments. Moreover, PoLo does
not address last-mile navigation, which is crucial for precise
object localization and interaction. Our approach differs
in that we simultaneously optimize both global exploration
and explicit last-mile localization, leading to a more robust
and adaptable ObjectNav solution within OVMM.

2.2. Object Goal Navigation
Object Goal Navigation (ObjectNav) has been extensively
studied in the context of embodied AI, where the objective
is to navigate toward a specific object category (e.g., bed,
sofa) within structured indoor environments [14, 15, 20].
Existing approaches in this domain can be broadly classi-
fied into reinforcement learning (RL)-based and rule-based
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methods.
RL-based approaches train policies through interactions

with the environment, optimizing navigation efficiency via
reward-driven learning [1, 12, 29]. While these methods ex-
hibit adaptability, they often suffer from sample inefficiency
and struggle in large-scale environments due to the absence
of long-term memory, leading to repetitive and inefficient
exploration. Conversely, rule-based approaches [3, 10, 28]
rely on pre-defined heuristics to guide navigation, ensuring
interpretable and consistent behavior. However, these meth-
ods cannot dynamically adapt to action outcomes, limiting
their flexibility in unstructured environments.

Furthermore, conventional ObjectNav tasks [1, 12] typ-
ically assume targets that are large and easily detectable.
In OVMM, however, the ObjectNav task requires locat-
ing small, occluded objects within substantially larger
and more cluttered environments, thereby demanding both
efficient global exploration and precise local position-
ing—challenges that remain inadequately addressed by ex-
isting methods.

2.3. Active Object Detection
Active object detection focuses on actively adjusting an
agent’s viewpoint to improve perception and recognition.
Several prior works explore this concept by enabling em-
bodied agents to modify their position or orientation to ob-
tain better visual information. Fang et al. [6] introduce an
iterative viewpoint refinement strategy to enhance detection
accuracy. Ding et al. [5] propose a decision-transformer-
based framework for viewpoint selection, optimizing ob-
servation efficiency. Similarly, Shen et al. [19] present a
collaborative model that jointly optimizes viewpoint adjust-
ment and object detection. Other notable works, such as
Kotar et al. [8] explore adaptive movement strategies to im-
prove detection reliability.

While these works primarily focus on enhancing ob-
ject detection through active viewpoint selection, our ap-
proach extends active perception to facilitate precise last-
mile navigation. Instead of solely improving detection con-
fidence, we leverage active perception techniques to refine
the agent’s stopping position, ensuring an optimal pose for
subsequent object interactions. By incorporating active ob-
ject detection strategies into our last-mile navigation model,
we effectively bridge the gap between active perception
and navigation decision-making, leading to more robust and
task-efficient precise object navigation.

3. Method
In this section, we introduce APRR (Active Perception
Meets Rule-Guided RL), our novel two-phase framework
designed for Object Navigation in Open-Vocabulary Mo-
bile Manipulation (OVMM). APRR effectively addresses
the challenges associated with locating small, occluded ob-

jects in large, complex environments. The framework con-
sists of two distinct stages: an initial exploration phase, re-
sponsible for efficient global search, and a subsequent last-
mile navigation phase, dedicated to precise local position-
ing for downstream manipulation tasks.

3.1. Task Setup
This study focuses on OVMM ObjectNav, a sub-task within
the 2023 Habitat OVMM Challenge [27]. Unlike conven-
tional ObjectNav, where the agent navigates toward large,
visually salient objects (e.g., beds, sofas), OVMM Object-
Nav requires searching for small, often occluded objects
(e.g., apples, cups) in complex and cluttered environments.
At each timestep, the agent receives egocentric RGB-D im-
ages, localization information (e.g., GPS or pose estimates),
and compass readings, and takes discrete actions: MOVE
FORWARD, TURN LEFT, TURN RIGHT, and STOP. A
key distinction of OVMM ObjectNav is that success is not
solely determined by reaching the target object but also by
stopping at an optimal position and orientation to facilitate
subsequent manipulation. These additional constraints sig-
nificantly increase the complexity of the task, requiring both
efficient exploration and precise last-mile navigation.

3.2. Overall Pipeline
Our method, APRR, decouples the OVMM ObjectNav task
into two distinct phases: exploration and last-mile naviga-
tion, as shown in Fig. 2.

In the exploration phase, the agent follows a rule-guided
RL framework, leveraging RGB-D inputs, positional data,
and semantic cues from YOLO-World [4] and SAM2 [16]
to build a semantic map. A rule-based model proposes ini-
tial actions, refined by a learned policy combining state en-
coding and category-based action selection. The last-mile
phase begins when the agent triggers the STOP action. For
last-mile navigation, the agent refines its position using ac-
tive target detection, dynamically adjusting based on detec-
tion feedback (confidence scores, IoU, semantic masks, and
spatial cues). This two-phase approach ensures both effi-
cient exploration and precise final positioning.

3.3. Semantic Detection and Mapping
OVMM Object Navigation requires open-set object detec-
tion, for which we use YOLO-World due to its efficiency
and generalization. To bridge the domain gap between
real-world training data and simulated objects in Habitat
[13, 17], we fine-tune YOLO-World with frontier-based ex-
ploration [25], enabling systematic semantic data collec-
tion. Ground-truth labels from Habitat enhance detection
performance and confidence reliability for active perception
in last-mile navigation. Since YOLO-World provides only
bounding boxes, we integrate SAM2 for instance segmen-
tation, generating precise masks for spatial reasoning. The
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Figure 2. Overview of the APRR pipeline. The figure illustrates the complete process from input acquisition to action selection. The agent
receives RGB-D observations and positional data, which are processed to extract semantic information and construct an environmental map,
serving as inputs for both the Exploration and Last-Mile Navigation models. During the exploration phase, a rule-guided reinforcement
learning model computes a final action tailored to the current scene, searching for the object logically and adaptively. The system transitions
to the last-mile navigation phase when the final action is STOP. In this phase, the active target detection strategy employs the Active
Perception Loop to guide the agent to the optimal position near the target, facilitating subsequent manipulation tasks. The sequence
of images in the last-mile navigation phase visualizes the agent’s progressive adjustments, illustrating how it fine-tunes its position and
orientation to optimize the final stopping viewpoint.
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Figure 3. The Network of Exploration Model. The model con-
sists of a Feature Encoder, Category Net, Critic Net, Rule Model,
and Decision Net. The Rule Model provides heuristic action guid-
ance, while the Decision Net dynamically balances RL and heuris-
tic strategies for efficient and adaptive exploration.

agent constructs a 2D occupancy map by projecting posi-
tion, depth, and semantic data, forming a Local Map for
last-mile navigation and a Global Map for high-level explo-
ration.

3.4. Exploration

The agent’s goal in exploration is to systematically cover
unexplored areas to locate the target efficiently. In OVMM
ObjectNav, small target objects are placed within larger
“start receptacles”, requiring structured search strategies.
Rule-based methods sequentially search receptacles but suf-
fer from hyperparameter sensitivity, lack of adaptability,
and inefficient navigation in dynamic environments. RL-
based approaches improve adaptability but often struggle
with systematic exploration due to limited memory and spa-
tial awareness.

To address these issues, we introduce a rule-guided RL
exploration model, which integrates the strengths of both
rule-based heuristics and RL-based adaptability while mit-
igating their respective weaknesses. As shown in Fig. 3,
the exploration model consists of five key components: the
Feature Encoder, Category Net, Critic Net, Rule Model, and
Decision Net. The Rule Model, derived from predefined
OVMM ObjectNav heuristics, remains fixed and does not
require training; instead, it provides heuristic-based action
recommendations.

The model processes various sensory inputs, including
the agent’s position, orientation, depth observations, seman-
tic embeddings for both target objects and receptacles, and
a down-sampled Global Map. These inputs are processed
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through ResNet or MLP architectures before being com-
bined with the recurrent state from an LSTM layer and the
encoded representation of previous actions. The resulting
feature representation is further refined using LSTM layers
to produce an updated state representation.

Training consists of two stages: pretraining the RL pol-
icy and refining the Decision Net to fuse rule-based and
RL-based actions. Both stages are optimized with DDPPO
(Distributed Proximal Policy Optimization) [18, 23] algo-
rithm. In the first stage, the Decision Net is excluded, and
the Critic Net directly estimates the value function from
state representation, while the Category Net samples action
probabilities to guide movement. The reward function en-
courages efficient exploration, penalizes stagnation, and re-
inforces receptacle-based search behaviors:

Rexp-s1 = αs +∆dobj

+ βrv · sign(∆Srecep-visited) +Rstop-exp,
(1)

where αs = −0.005 is a penalty term for stagnation (i.e.,
when the agent remains stationary without progress), and
βrv = 0.2 is the weight assigned to receptacle visited pro-
cess. ∆dobj represents the reduction in shortest-path dis-
tance to the target object, computed using the ground-truth
map in the Habitat simulator. ∆Srecep-visited denotes the in-
crease in the explored area of receptacles within the agent’s
perceptual field. The stopping reward, Rstop−exp, is applied
only when the agent executes the stop action and is defined
as:

Rstop-exp =

{
10, if dis(agent, target) < 3,

−5, otherwise.
(2)

A successful stop within 3m of the target ends exploration;
otherwise, failure occurs if the agent stops prematurely or
runs out of time.

The second training stage focuses on refining the Deci-
sion Network. The state representation generated by the
Feature Encoder, action probabilities Arl produced by the
Category Network, and categorical rule-based actions Arule
from the Rule Model are integrated into the Decision Net-
work. Additionally, statistical features derived from the ex-
ploration map are incorporated, such as the exploration fre-
quency F , as defined in Eq.3, which quantifies the cumu-
lative number of visits to a given location. Another key
feature is the path density D, which measures the concen-
tration of visited locations within a specified neighborhood.

F (x, y) =

T∑
t=0

(I(P t
agent = (x, y))), (3)

D(x, y) =

τ∑
i=−τ

τ∑
j=−τ

(sign(F (x+ i, y + j))), (4)

where P t
agent represents the position of the agent at time step

t, τ represents the region size considered for computing the
path density, and I(·) represents the indicator function.

This Decision Net then computes an adaptive weight-
ing factor λ that dynamically balances RL-based decision-
making with rule-based heuristics. The final action proba-
bility vector Afinal is obtained as Eq.5, from which a discrete
action is selected via sampling.

Afinal = λArl + (1− λ)Arule. (5)

In this phase, the reward function Rexp-s2 incorporates
an additional term that encourages the agent to expand the
explored area systematically, thus reinforcing structured ex-
ploration:

Rexp-s2 = αs +∆dobj + βrv · sign(∆Srecep-visited)

+ βv∆Svisited +Rstop-exp, (6)

where ∆Svisited denotes the overall expansion of the ex-
plored region, and βv = 0.005 is the weight assigned to
region visited process. The Critic Model further integrates
statistical metrics from the exploration map to refine value
function estimations.

Through this new rule-guided RL exploration frame-
work, our model balances the strengths of heuristic-driven
navigation with the flexibility and adaptability of RL-based
decision-making. By enabling systematic and efficient ex-
ploration, our approach significantly enhances the perfor-
mance and robustness of ObjectNav agents in OVMM envi-
ronments, leading to more effective and scalable solutions
for real-world exploration tasks.

3.5. Last-Mile Navigation with Active Detection
After exploration, the agent enters the Last-Mile Navigation
stage, requiring precise adjustments for accurate alignment
with the target. Unlike broad navigation, which only aims to
reach the target’s vicinity, this phase fine-tunes viewpoint to
optimize perception and interaction. Existing OVMM Ob-
jectNav methods rely on rule-based heuristics for stopping
but struggle with fine-grained positioning, leading to sub-
optimal viewpoints. RL-based approaches often treat navi-
gation as a single-stage process, neglecting the unique chal-
lenges of this stage.

To address these challenges, we introduce a new rein-
forcement learning-based Last-Mile Navigation model with
active target detection. The key innovation of our ap-
proach is the integration of real-time target detection feed-
back into the navigation process. Unlike conventional meth-
ods that rely solely on spatial metrics (e.g., Euclidean dis-
tance) to determine stopping conditions, our model continu-
ously refines its actions based on dynamic visual feedback.
We observe that stopping positions with higher detection
confidence and improved alignment between predicted and
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ground-truth object masks lead to more effective manipu-
lation. Thus, our method leverages detection quality as an
implicit stopping criterion, ensuring the agent halts at an
optimal viewpoint.

The network architecture, adapted from the exploration
model, is optimized for fine control in constrained spaces.
The module takes as input the agent’s position, orientation,
depth, semantic masks, target embeddings, detection con-
fidence, and a local spatial map. Unlike the global map
used in exploration, this local map enables precise adjust-
ments. Inputs are processed through ResNet and MLP mod-
ules, concatenated with an LSTM hidden state and the pre-
vious action’s encoding. The state representation is fed to
the Critic Net for value estimation and the Category Net for
action prediction. Actions remain the same as in exploration
(forward, left turn, right turn, stop), but turning angles are
reduced from 30° to 15° for finer positioning.

The reward function for Last-Mile Navigation is de-
signed to optimize both spatial proximity to the target and
observation quality. It is formulated as follows:

Rlast-mile = αs + βobj∆dobj + βmisign(∆Rmask-iou)

+ βbisign(∆Rbox-iou) + βcsign(∆Rconf)

+Rstop-last, (7)

where ∆Rmask-iou, ∆Rbox-iou, and ∆Rconf represent changes
in mask IoU, bounding box IoU, and detection confidence,
respectively. The weighting coefficients βmi, βbi and βc are
all set to 0.2, while βobj is set to 0.5 to reduce the influence
of distance-based criteria. The stopping reward, Rstop-last is
only applied when the agent issues a stop action, defined as:

Rstop-last =

{
10, if Cstop,

−5, otherwise.
(8)

The stopping condition Cstop is satisfied when both of the
following criteria hold:{

min
v∈V

dis(agent, v) < 0.1,

|θagent − θv| < 15◦,
(9)

where V represents the set of predefined candidate view-
points, dis(agent, v) denotes the Euclidean distance be-
tween the agent’s stopping position and the closest view-
point v, θagent and θv denote the agent’s orientation and the
viewpoint’s orientation, respectively.

By incorporating real-time perception feedback, our
model optimizes object localization and stopping behav-
ior, improving observation quality and interaction suc-
cess. Leveraging the reinforcement learning framework, the
model utilizes detection-driven rewards during training to
refine decision-making but operates independently of these
rewards and without retraining during the test phase. This
active perception refinement sets our method apart, signifi-
cantly enhancing OVMM ObjectNav performance.

4. Experiments
In this section, we present comprehensive experiments of
APRR, to the OVMM ObjectNav task within the Habi-
tat simulator [15, 17] using the OVMM dataset [27]. We
benchmark APRR against multiple baselines across 400 test
episodes drawn from 12 unseen scenes. Additionally, we
conduct ablation studies to analyze the contributions of our
rule-guided reinforcement learning exploration model and
active target detection-based last-mile navigation module.
An episode is deemed successful if the agent identifies the
target object and stops at a correct viewpoint within 800
simulation steps; otherwise, it is considered unsuccessful.
Additionally, we perform real-world experiments to demon-
strate the practical applicability of APRR. Further visualiza-
tions and details on experiments are provided in the supple-
mentary materials.

4.1. Experimental Setup
Model Training. Both the exploration model and last-
mile navigation module are trained using episodes collected
from 38 training scenes. We leverage the DD-PPO frame-
work [18, 23] for training, utilizing 8 NVIDIA 3090 GPUs
with 12 simulation environments per node to ensure effi-
cient interaction-driven learning. Each model undergoes
training over 6000+ episodes.

Baselines. We evaluate our method against six baseline
agents, each tested under two conditions: with a stan-
dard semantic detector and with ground-truth (GT) seman-
tic masks (i.e., perfect object and receptacle masks). The
baselines include:
• FBE [25]: A frontier-based exploration agent that con-

structs a 2D semantic map and navigates toward the target
upon detection.

• POLo [22]: This method estimates the probability of tar-
get presence in unexplored areas using prior exploration
data and selects the next region to investigate.

• Uniteam [11]: A baseline from the Home-Robot frame-
work that dynamically adjusts perception thresholds and
incorporates a target map decision mechanism.

• Rule*: Our re-implementation of Uniteam with opti-
mized collision handling and map updates.

• Kuzhum [9]: Uses MobileSAM segmentation and en-
hances Home-Robot RL with continuous rewards.

• RL*: Our DD-PPO agent predicts actions from depth im-
ages and segmentation masks.

Evaluation Metrics. To assess navigation performance,
we employ the following metrics:
• SR (Success Rate): The fraction of successful episodes

relative to the total test episodes.
• DTG (Distance-to-Goal): The mean Euclidean distance

from the agent’s final stopping position to the target object
center, measuring proximity upon termination.
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Figure 4. Comparison of our method with Rule* (rule-based) and
RL* (RL-based) approaches during the exploration phase. The
first column shows semantic detection results, the second shows
the agent’s exploration map and trajectory, and the third shows
third-person views. The rule-based agent exhibits significant hesi-
tation but fails to adjust itself promptly, while the RL-based agent
becomes trapped in repetitive search behavior. In contrast, our ap-
proach effectively integrates structured search with dynamic feed-
back, enabling the agent to reach the target successfully.

Method Percep SR(%) ↑ DTG ↓ PIC ↑

FBE [25] Detic 10.9 / /
PoLo [22] Detic 20.3 / /

Uniteam [11] Detic* 49.2 / /
KuzHum [9] YS*+Detic 40.2 / /

Rule* YW*+S2 51.1 4.01 0.0155
RL* YW*+S2 40.8 4.40 0.0223

APRR(Ours) YW*+S2 64.5 3.36 0.0279

PoLo [22] GT 56.7 / /
Rule* GT 54.4 3.04 0.0162
RL* GT 48.5 3.94 0.0274

APRR(Ours) GT 74.2 1.96 0.0447

Table 1. Comparison of Our Method to other baselines “Detic*”
means “Detic finetune”,“YS*+Detic” means “Yolo-SAM finetune
+ Detic”, “YW*+S2” means “Yolo-world finetune + Sam2”.

• PIC (Pick-Goal IoU Coverage): IoU between the tar-
get’s ground-truth mask and the agent’s final grasping re-
gion, indicating optimal stopping positions.

4.2. Comparisons with Baselines
Tab. 1 compares our approach with baseline methods. Our
method APRR, achieves consistent improvements over both

With 
Active Nav

W/O Active 
Nav

Object Start Recep End Recep

Figure 5. Comparison of last-mile navigation performance with
and without the active navigation policy. The first column shows
RGB observations, the second shows semantic detection, and the
third shows third-person views. The left panel (“W/O Active
Nav”) illustrates the performance when the active detection-based
navigation strategy is not employed, while the right panel (“With
Active Nav”) demonstrates our method. The results show that our
active detection-driven navigation policy enables the agent to se-
lect a more suitable viewpoint, thereby enhancing the overall ef-
fectiveness of the navigation for subsequent manipulation tasks.

rule-based (FBE, PoLo, Uniteam, Rule*) and RL-based
(Kuzhum, RL*) baselines. Notably, when using a standard
semantic detector, our approach improves success rate by
13% over the state-of-the-art rule-based baseline (Rule*).
With ground-truth semantic masks, this improvement in-
creases to 17%.

Conventional methods such as FBE struggle with
OVMM ObjectNav due to occlusion and the small size
of targets. PoLo, while more recent and effective than
naive strategies, remains limited, though it performs best
among prior methods under oracle conditions. Uniteam
and Kuzhum leverage perceptual fine-tuning but treat Ob-
jectNav as a single-stage task, overlooking the differing re-
quirements of exploration and precise localization.

In contrast, APRR explicitly separates these phases. Our
rule-guided RL exploration framework combines the adapt-
ability of RL with the structure of heuristic policies, guid-
ing the agent efficiently to the target vicinity. This design is
validated by consistently lower DTG values and qualitative
results in Fig. 4.

Furthermore, our last-mile navigation module, driven
by active perception, optimizes the agent’s stopping view-
point. As illustrated in Fig. 5, this refinement signifi-
cantly boosts PIC scores (Tab. 1), enabling more precise
and manipulation-ready final positioning.
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Method Percep SR(%) ↑ DTG ↓ PIC ↑

Rule* YW*+S2 51.1 4.01 0.0155
Rule*+L-M Nav YW*+S2 60.2 4.00 0.0258

RL* YW*+S2 40.8 4.40 0.0223
RL*+L-M Nav YW*+S2 43.6 4.37 0.0248
Ours(conf=0.5) YW*+S2 64.5 3.36 0.0279
Ours(conf=0.3) YW*+S2 63.3 3.84 0.0267

Rule* GT 54.4 3.04 0.0162
Rule*+L-M Nav GT 69.3 2.20 0.0421

RL* GT 48.5 3.94 0.0274
RL*+L-M Nav GT 56.9 3.08 0.0337
Ours(α = 15) GT 74.2 1.96 0.0447
Ours(α = 30) GT 68.3 2.39 0.0343

Table 2. Results of Ablation Experiment. “YW*+S2” means
“Yolo-world finetune + Sam2”. “conf” is the threshold of Yolo-
World detection, α is the angle of “TURN LEFT” and “TURN
RIGHT” in the Last-Mile Stage.

4.3. Ablation Studies
We perform ablation studies to evaluate the contributions of
each component in APRR, as shown in Tab. 2. The vari-
ants “Rule* + Last-Mile Nav” and “RL* + Last-Mile Nav”
replace the original last-mile modules with our active tar-
get detection model. In both cases, this replacement sig-
nificantly improves success rates and PIC scores, indicat-
ing more precise stopping behaviors. APRR further outper-
forms these variants, highlighting the effectiveness of our
rule-guided RL exploration strategy in integrating heuristic
and learned policies.

We also analyze two key hyperparameters in the last-
mile phase: the detector confidence threshold and the ro-
tation angle α. A threshold of 0.5 and a 15° rotation yield
the best performance. Lower thresholds increase false pos-
itives, while larger rotations (e.g., 30°) reduce success, un-
derscoring the importance of fine-grained control during fi-
nal positioning.

Overall, the ablation results validate that both our rule-
guided RL exploration model and the active detection-based
last-mile navigation module significantly enhance explo-
ration efficiency and stopping precision, addressing key
challenges in OVMM ObjectNav navigation.

4.4. Real-World Experiment
To evaluate real-world performance, we deploy APRR and
baseline methods on a custom mobile manipulation plat-
form. The robot comprises a Ranger Mini v2.0 base with a
Jetson Nano for onboard control, a Mid-360 LiDAR for lo-
calization, and an Intel RealSense D455 RGB-D camera for
perception. Spatial-semantic mapping is built from RGB-D
inputs using the YOLOv8-seg model [21].

For real-world testing, we conduct experiments in a large
office environment, placing objects such as bottles, cups,
and books on items like couches, tables, and chairs. The

Method Path Length SR(%)

PoLo* for Real-World 15m 5.0
Rule* for Real-World 15m 5.0
RL* for Real-World 15m 0.0
Ours for Real-World 15m 30.0

Table 3. Real-World Experiment Results. PoLo* refers to our
reproduction of PoLo.

robot starts approximately 15 meters away from the tar-
get. A trial is successful if the agent stops within 1 me-
ter of the target, facing it, with an object detection confi-
dence above 0.9. As summarized in Tab.3, our method is
evaluated across 20 trials, achieving a 30% success rate.
Although this is lower than the performance observed in
the simulation, it demonstrates the feasibility of our ap-
proach in real-world settings. In contrast, all baseline meth-
ods nearly failed, as they do not explicitly handle last-mile
navigation, often stopping at suboptimal positions far from
the target. The performance gap between simulation and
real-world deployment highlights the challenges of sim-to-
real transfer, emphasizing the need for improved adaptation
techniques.

5. Conclusion

In this work, we propose a novel approach to OVMM Ob-
jectNav by decoupling the task into two phases: exploration
and last-mile navigation. In the exploration phase, we in-
troduce a rule-guided RL model that combines the struc-
tured efficiency of rule-based strategies with the adaptabil-
ity of reinforcement learning, enabling effective navigation
in large, cluttered environments. In the last-mile naviga-
tion phase, we develop an RL model to achieve active target
detection, allowing the agent to dynamically refine its po-
sition and orientation based on real-time feedback for sub-
sequent manipulation. Experimental results show that our
approach yields a 13% improvement in success rate over
existing methods. Real-world experiments further validate
the practicality of our approach. In summary, our method
enhances both efficient exploration and precise navigation
in OVMM ObjectNav. Future work will focus on improv-
ing sim-to-real transfer for real-world deployment.
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