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Abstract— Open-vocabulary mobile manipulation (OVMM)
requires robots to follow language instructions, navigate, and
manipulate while updating their world representation as the
environment changes dynamically. However, most prior works
update their world representation only at discrete milestones,
such as waypoints or the end of an action step. Such sparse
updates leave robots with limited awareness between updates,
causing missed objects, delayed error detection, and slower
replanning. To address this limitation, we propose BINDER
(Bridging INstant and DEliberative Reasoning), a dual-process
framework that separates strategic planning from continuous
environmental monitoring. BINDER combines a Deliberative
Response Module (DRM, a multimodal LLM for task planning)
with an Instant Response Module (IRM, a Video-LLM for
continuous monitoring). The DRM handles strategic planning
through structured 3D scene updates and guides the IRM’s
focus, while the IRM processes video streams to update memory,
proactively adjust actions, and trigger replanning when needed.
This bidirectional coordination ensures continuous awareness
without costly updates, enabling reliable and robust operation
under dynamic conditions. We evaluate BINDER in three real-
world environments where objects are moved during execution
and show that it achieves substantially higher success rates
and efficiency than state-of-the-art baselines, confirming its
effectiveness for real-world deployment.

I. INTRODUCTION

Open-Vocabulary Mobile Manipulation (OVMM) aims to
enable robots to navigate unknown environments and manip-
ulate objects based on open-vocabulary instructions [1], [2].
In real-world settings such as homes and offices, robots must
cope with dynamic changes like object relocation and human
movement, requiring both strategic planning and continuous
monitoring. While prior approaches operated in fixed, pre-
scanned environments without considering such changes [3],
[4], [5], recent approaches incorporate environmental feed-
back through voxel maps [6], scene graphs [7], [8], and
vision–language models for closed-loop reasoning [9].

However, these approaches rely on intermittent scene
perception, leaving robots with limited awareness of envi-
ronmental changes between updates. Because 3D semantic
reconstruction is computationally expensive, environmen-
tal representations—whether voxel maps [6], [9] or scene
graphs [7], [8], [4], or implicit or object-centric maps [5],
[9], [10]—are refreshed only at discrete intervals [6], [7],
[9], [8]. Even approaches employing powerful task planners
(e.g., GPT [7], [9]) remain limited by intermittent perception,
as their reasoning may rely on outdated scene information.
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Fig. 1: Limitations of existing OVMM approaches and
the proposed BINDER. Robots search for a banana while
moving from navigation target p0 to p1. (a) Sparse-update
approaches refresh perception only at navigation targets,
leaving robots unaware during traversal and causing missed
objects en-route. (b) Frequent updates at intermediate way-
points improve environmental awareness but require repeated
vision processing pauses, causing inefficiency and still leav-
ing perception gaps. (c) BINDER maintains continuous
visual awareness en-route, enabling opportunistic detections
and task execution without extra vision processing pauses.

Consider a robot searching for ‘banana’ as it travels from
p0 to p1, as illustrated in Fig. 1. Even if the object lies
directly on its path, approaches that update 3D semantic
scenes only at navigation targets or after sub-actions (e.g.,
grasping/placing) can miss this opportunity (Fig. 1-(a)). More
frequent updates—at intermediate checkpoints [6] or during
frontier expansions [11]—can still miss changes between
reconstruction intervals (Fig. 1-(b)). This temporal unaware-
ness, inherent to discrete-update approaches, triggers a chain
of inefficiencies. Robots might ignore clearly visible objects
while exploring, and during manipulation, they can fail to
notice minor shifts that escalate into grasp failures, trajectory
deviations, collisions, and task breakdowns.

Since 3D semantic scene reconstruction can take tens of
seconds to minutes per update depending on scene complex-
ity [7], [9], robots face an unsatisfactory trade-off: either
pause frequently for accurate scene updates—delaying task
completion—or continue moving with potentially outdated
spatial information—risking critical oversights. While fast
geometric reconstruction algorithms exist [12], [13], scaling
them to the semantic level remains computationally pro-
hibitive. To address this computational constraint, we argue
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that instead of relying solely on monolithic 3D reconstruc-
tion, a heterogeneous perception strategy can offer a practical
alternative by exploiting the complementary strengths of
different sensing modalities: video streams provide contin-
uous semantic awareness and detect salient environmental
changes, while 3D reconstruction delivers the precise geo-
metric information essential for OVMM task planning. By
separating semantic monitoring from geometric perception,
robots can maintain environmental awareness through video
stream analysis while reserving computationally intensive 3D
reconstruction for OVMM task planning.

To this end, we propose BINDER (Bridging INstant and
DEliberative Reasoning), a dual-process framework inspired
by cognitive theories [14], [15] that describe how humans
navigate complex environments through fast, automatic mon-
itoring (System 1) and slow, deliberative reasoning (System
2). Our framework operationalizes this cognitive division
through two distinct modules (Fig. 2). The Instant Response
Module (IRM) relies on a Video-LLM [16] to continuously
process video streams, enabling opportunistic interventions
during navigation and manipulation. Meanwhile, Delibera-
tive Response Module (DRM) performs strategic planning
using 3D semantic scene representations, which update upon
navigation targets or when triggered by the IRM.

Furthermore, to enable mutual enhancement between these
modules, we propose a bidirectional coordination method.
Specifically, the DRM guides the IRM’s monitoring at-
tention based on current task context—whether navigating,
searching, or manipulating—ensuring situation-appropriate
monitoring, while the IRM provides environmental obser-
vations that enable context-aware planning and, when nec-
essary, trigger immediate 3D reconstruction and replanning
by the DRM (Sec. III-B). This heterogeneous perception
strategy—combining scheduled reconstruction at navigation
targets with on-demand reconstruction from video analy-
sis—addresses the trade-off between temporal awareness and
spatial precision that limits monolithic approaches.

We evaluate BINDER through extensive experiments
across three real-world environments featuring diverse dy-
namic scenarios. When tested with dynamically appear-
ing/disappearing objects and changing receptacles, BINDER
demonstrates several key capabilities: immediate grasp cor-
rection during manipulation, early failure detection through
temporal cues, opportunistic replanning when detecting tar-
gets mid-navigation, and dynamic task reordering based on
environmental changes. Compared to state-of-the-art base-
lines [3], [6], [7], our approach shows significant improve-
ments in handling dynamic situations—validating its poten-
tial for real-world OVMM deployment.

We summarize our contributions as follows:
• We identify intermittent scene perception as a limitation

of current OVMM systems and propose BINDER,
a dual-process framework that decouples continuous
video monitoring from selective 3D reconstruction.

• We develop a bidirectional coordination mechanism
enabling the IRM to trigger on-demand 3D updates
while the DRM guides task-aware monitoring.

• We demonstrate through real-world experiments that
BINDER effectively handles dynamic scenarios, sig-
nificantly improving success rates and reducing task
completion time compared to state-of-the-art baselines.

II. RELATED WORK

A. Open Vocabulary Mobile Manipulation

Open-vocabulary mobile manipulation (OVMM) combines
navigation, manipulation, and language understanding over
extended horizons in dynamic environments. Two main
paradigms exist: end-to-end vision–language–action (VLA)
models [17], [18], [19], [20] capture rich multimodal corre-
lations but suffer from high computational cost and limited
long-horizon scalability, while modular pipelines [1], [3],
[6], [7] decompose tasks into separate components using
LLMs and VLMs [21], [22], [23] but accumulate errors over
time. Unlike these approaches, we address intermittent scene
perception by decoupling continuous video monitoring from
selective 3D reconstruction.

B. Closed-Loop Recovery in Robotic Systems

Recent work incorporates closed-loop recovery to reduce
cascading errors. COME-Robot [9] uses GPT-4V for iterative
replanning, while RACER [24] employs supervisor-actor
loops for feedback. However, these systems assess outcomes
only at the keyframe or action-completion level, constrain-
ing responsiveness. Our IRM issues continue/adjust/replan
signals during execution for timely corrections.

C. Scene Representations for OVMM

Robust scene representations enable OVMM by preserv-
ing object-level semantics and relations for long-horizon
reasoning. Graph-based methods fuse multi-view evidence
and support scalable queries: ConceptGraphs [25] builds
an open-vocabulary scene graph; HOV-SG [4] adds a
floor–room–object hierarchy for large-scale, multi-floor nav-
igation; and DovSG [7] performs local, in-place 3D updates
during interaction without full reconstruction. Voxel/field
methods encode language-conditioned 3D maps: CLIP-
Fields [5] enables continuous queries via implicit fields;
VLMaps [22] grounds features in explicit voxel grids for
language-driven navigation; and DynaMem [6] introduces
efficient updates for long horizons. Yet all rely on discrete
refreshes, so mid-execution changes can be missed and
maps drift. In contrast, our dual-process design maintains
continuous awareness and triggers 3D updates when needed.

III. APPROACH

OVMM in dynamic settings demands continuous percep-
tion and adaptive planning to handle appearing/relocating
objects and to monitor/correct manipulation errors. Yet
prior systems use intermittent scene perception (limited by
compute constraints), leaving robots with limited aware-
ness between discrete updates. BINDER is a dual-process
framework that decouples strategic planning from continu-
ous monitoring, delivering strong reasoning with real-time
environmental awareness under dynamic conditions.

2514



Fig. 2: Illustration of dual-process reasoning in BINDER. Our proposed framework, BINDER, consists of two modules
operating in parallel: Deliberative Response Module (DRM) and Instant Response Module (IRM). Based on the task instruction
(inst.) and memory, DRM issues high-level actions (e.g., explore(‘‘black toy’’)) and guides IRM’s attention. In
parallel, IRM continuously monitors the video stream in the background. When a task-relevant event occurs—such as
opportunistically detecting the task-relevant object (6s) or diagnosing a grasp failure (21s)—IRM immediately generates a
report, prompting DRM to replan for navigation or adjust the grasp for manipulation. This bidirectional coordination enables
both continuous responsiveness and adaptive planning, addressing the intermittent scene perception of prior OVMMs.

A. BINDER: Dual-Process Framework for OVMM
Existing approaches for OVMM reveal a fundamental

limitation: they apply the same computationally expensive
3D semantic scene reconstruction for all perception tasks,
creating an unnecessary trade-off between awareness and
efficiency. Frequent updates ensure awareness but degrade
efficiency, while sparse updates [6], [7], [9] maintain speed
but miss critical changes.

Dual-process architecture. We posit that this trade-off stems
from treating all perception tasks as equally demanding:
previous approaches apply computationally expensive 3D
reconstruction uniformly, without distinguishing between
tasks that require geometric precision and those that do
not. While planning tasks necessarily require precise 3D
geometry for manipulation and navigation decisions, we
argue that monitoring tasks—detecting new objects or en-
vironmental changes—can be effectively handled through
continuous video analysis, avoiding costly reconstruction
overhead during navigation without sacrificing environmental
awareness. This natural division between computationally-
intensive planning and relatively lightweight monitoring par-
allels how humans navigate complex environments—through
both fast, automatic monitoring (System 1) and slow, de-
liberative response (System 2), as described in dual-process
theories [14], [15]. Inspired by this well-established cognitive
architecture, we decouple continuous environmental monitor-
ing from costly periodic 3D reconstruction.

To operationalize this separation, we introduce two spe-
cialized modules as illustrated in Fig. 2: the Instant Re-
sponse Module (IRM) powered by a Video-LLM maintains
continuous environmental monitoring through video streams

during execution, analogous to System 1’s automatic process-
ing; while the Deliberative Response Module (DRM) per-
forms strategic planning using 3D semantic scene representa-
tions at navigation targets, mirroring System 2’s deliberative
reasoning. This architectural division allows each module to
optimize for its primary objective—the IRM for temporal re-
sponsiveness, the DRM for spatial precision—enabling both
continuous awareness and sophisticated reasoning without
the compromises of current monolithic approaches.

B. Dual-Process Modules

DRM-IRM coordination. While the DRM and IRM serve
distinct roles, effective OVMM requires coordination be-
tween continuous monitoring and strategic planning (Fig. 2).
We achieve this through bidirectional information flow be-
tween the modules, as illustrated in Fig. 3. The DRM
provides task-specific guidance prompt Gt that dynamically
reconfigures the IRM’s attention—shifting from “identify
task-relevant objects and receptacles” during exploration to
“monitor gripper-object alignment and placement stability”
during manipulation. Conversely, the IRM supplies con-
tinuous environmental feedback: during exploration, newly
detected or relocated objects asynchronously update the
object registry Rt without full map reconstruction; during
manipulation, it enables reactive control through immediate
local corrections or escalation to the DRM when local
adjustments fail. This bidirectional coordination ensures the
system remains both deliberate and responsive.

DRM. To implement the planning component of this co-
ordination, we employ a multimodal LLM as the DRM,
which operates at navigation targets or when triggered by the
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Fig. 3: Flowchart of dual-process execution in BINDER.
(a) Pseudocode of the execution loop: the DRM issues high-
level actions and task-specific guidance, while the IRM
continuously monitors video and outputs execution modes
(CONTINUE/ADJUST/REPLAN) and object updates that drive
local corrections or trigger replanning. (b) System overview:
the DRM uses task instructions and memory to generate
plans and guidance, while the IRM monitors environmental
changes to update memory status and trigger timely replan-
ning under dynamic conditions.

IRM. Upon activation, the robot executes a look around
primitive to capture surrounding views and performs 3D
semantic scene reconstruction following prior work [6]. This
reconstruction updates the memory Mt that maintains: (1) a
3D semantic scene representation St, i.e., 3D voxel map, (2)
a 2D occupancy projection Ut derived from St for effective
spatial reasoning, encoding navigable areas, obstacles, and
semantic labels, (3) action history Ht = {a1, ..., at}, and
(4) an object registry Rt = {(ci, pi)}Nt

i=1 accumulating
Nt discovered objects with category ci and position pi =
(xi, yi, zi). Using the task instruction P and memory Mt,
the DRM generates planning decisions:

at+1, ot+1,Gt+1 = DRM(P,Mt) (1)

This yields three outputs: (1) next action at+1 ∈
{go to,explore,grasp,place}, (2) target specifica-
tion ot+1 (coordinates for go to, locations for explore, or
object/receptacle IDs for manipulation), and (3) task-specific
guidance Gt+1 that refocuses the IRM’s attention for the

upcoming phase. The robot’s controller then executes the
action-target pair (at+1, ot+1).

IRM. For continuous perception during task execution, we
employ a Video-LLM [16] as the IRM, enabling contin-
uous environmental monitoring throughout navigation and
manipulation. The Video-LLM processes video clips vt (re-
cent frames from the continuous stream) with task-specific
guidance prompt Gt provided by the DRM to generate a
structured language report Zt that describes detected objects,
task progress, and potential issues:

Zt = Video-LLM(vt,Gt). (2)

Since the Video-LLM generates free-form language out-
puts whose structure varies with task context, we employ a
guidance-conditioned parsing module ΦGt (detailed proce-
dures are in Sec. III-C) to extract actionable information:

ΦGt
: Zt 7→ (Xt, mt), (3)

where detected object information Xt contains object
category and position pairs (ci, pi) used to update
the object registry Rt, and execution mode mt ∈
{CONTINUE, ADJUST, REPLAN} specifies the appropriate
robot behavior. Here, Gt is a text prompt from the DRM
that reconfigures ΦGt

’s extraction target: during navigation
it instructs ΦGt to match object mentions in Zt against
task targets via embedding similarity to populate Xt; during
manipulation it instead shifts to assessing grasp quality and
object stability cues to determine mt.

The execution mode mt enables three levels of adaptation:
(i) CONTINUE maintains current execution when no issues
are detected, (ii) ADJUST applies immediate corrections for
minor deviations (e.g., grasp refinement), and (iii) REPLAN
triggers DRM invocation for 3D semantic scene recon-
struction and strategy revision when crucial environmental
changes occur (e.g., target object appearing unexpectedly).
This design ensures the IRM functions as an effective contin-
uous monitor—detecting opportunities and threats between
discrete 3D updates—while maintaining computational effi-
ciency through selective DRM activation.

C. Task Execution Strategies

Exploration and navigation. Our exploration strategy builds
upon the value-guided frontier selection method from Dy-
naMem [6], which combines temporal and semantic value
maps to compute exploration values Vi = V T

i + V S
i , where

V T
i prioritizes least-recently-seen areas and V S

i measures
semantic similarity to target objects. We enhance this ap-
proach through DRM-based intelligent selection, as pure
value-based ranking may overlook contextual cues visible
from the current position. Specifically, the DRM evaluates
the top-k frontier candidates (empirically set to k = 3,
balancing computational efficiency with coverage):

f∗ = argmax
f∈top-k(V )

DRM(If ,P,Mt) (4)

where If is the image captured by orienting the camera
toward frontier f from the current position. This enables the
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DRM to leverage visual context alongside task instruction
P and memory Mt for context-aware destination selection.
Once f∗ is determined, the robot generates a trajectory using
A* path planning [26] and begins navigation.

During transit, our IRM continuously monitors the
environment—a key departure from DynaMem’s fixed
waypoint pausing—enabling opportunistic replanning when
needed. The IRM processes the video stream to detect
task-relevant objects and environmental changes, generating
reports Zt that describe the current scene. The guidance-
conditioned parsing module ΦGt

extracts actionable informa-
tion from these free-form language outputs, simultaneously
determining both detected objects Xt and execution mode
mt. When ΦGt identifies object mentions in Zt matching task
targets from P (via embedding similarity [27]), it triggers
an asynchronous localization step to compute precise 3D
positions for Xt. OWL-ViT [28] detects the 2D bounding
box Bi of each matched object i, which is then lifted to 3D
position pi using RGB-D projection:

pi = median{T cam→world
t (u, v, d(u, v)) : (u, v) ∈ Bi}, (5)

where T cam→world
t denotes the standard camera-to-world

transformation using RGB-D measurements and camera pa-
rameters at time t, following [29].

The median operation within Bi improves robustness to
depth noise and background pixels. The resulting positions
form Xt and are merged into Rt+1 without interrupting
motion. Meanwhile, ΦGt determines mt based on the overall
scene context—typically returning CONTINUE but oppor-
tunistically selecting REPLAN when detecting nearer targets
or obstacles that invalidate the current plan.

Manipulation. Our manipulation approach builds on
OK-Robot [3], which combines AnyGrasp [30] with
LangSAM [31] filtering for grasping and uses point cloud-
based height computation for placing. We extend this frame-
work with event-triggered visual feedback through the IRM,
enabling reactive adjustments in dynamic environments.

During manipulation, Xt typically remains empty as ob-
jects are already localized, while ΦGt

focuses on extracting
the execution mode mt from the IRM’s reports Zt. Similar
to the navigation phase, ΦGt

analyzes Zt using embedding
similarity [27] to identify manipulation-specific cues such as
grasp quality indicators, object stability assessments, and en-
vironmental changes. When the IRM detects misalignments
during grasping (mt = ADJUST), we perform local grasp
recomputation: AnyGrasp generates new candidates within
a constrained region around the current target, selecting
the highest-scoring pose with minimal reorientation. This
enables immediate corrections without costly full replanning
overhead. For placing, the IRM monitors object stability and
receptacle availability continuously throughout execution.
When issues arise, ΦGt

returns mt = ADJUST, triggering
height recomputation or alternative receptacle selection based
on the problem detected. Critical failures—such as repeated
grasp failures or unavailable receptacles—result in mt =
REPLAN, engaging the DRM for strategic revision. The

Fig. 4: Experimental environments. (a) Mobile manipu-
lation: We evaluate BINDER in a controlled office and
two real-world sites with various complexity; objects and re-
ceptacles form diverse scenes under identical configurations.
(b) Tabletop manipulation: Base motion is limited to for-
ward–backward; three objects and receptacles are on a table;
30 trials per condition to isolate the IRM’s contribution.

DRM then performs a targeted 3D reconstruction update and
generates alternative strategies, such as selecting different
objects or modifying task sequences.

This hierarchical error recovery, progressing from local
adjustments to strategic replanning, ensures robust manipu-
lation in scenarios where OK-Robot’s open-loop approach
would require manual intervention.

IV. EXPERIMENTS

We evaluate BINDER in real-world environments to as-
sess its robustness against environmental changes introduced
during task execution and its effectiveness on long-horizon
multi-object tasks compared to baselines.

A. Experimental Settings

Robot setups. We use a Hello Robot Stretch SE3 as our mo-
bile robot platform [32] equipped with RGB-D (RealSense
D435i) camera for perception.

Implementation details. Our system builds upon Dy-
naMem’s 3D voxel representation [6]. We employ GPT-4o
as our DRM and Qwen2.5VL (3B) [16] as our Video-LLM.
The Video-LLM processes 1-second video clips at 8 fps with
an inference time of about 0.5 seconds per clip, requiring
approximately 12 GB of VRAM on a single NVIDIA A6000
(48 GB) without interfering with the navigation, perception,
or control pipelines sharing the same GPU.

B. Task Setup

Multi-step tasks in dynamic environments. Following
previous work [9], we systematically evaluate multi-step task
execution by defining three task categories with increasing
complexity: Task 1: Single object → single receptacle. Task
2: Two objects → two receptacles. Task 3: Three objects
→ three receptacles. Experiments are conducted in three
environments: a controlled office, a studio apartment, and a
three-room apartment (Fig. 4-(a)). We evaluate all three task
categories in the office (40 trials each) and focus on Task 3
in the homes (10 trials each), using identical code across
all settings. We vary three key factors: (1) Scenes: Each
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TABLE I: Real-world office environment evaluation across Task 1–3. The three task categories contain 1, 2, and 3
object→receptacle subtasks respectively, testing increasing difficulty from single-step to long-horizon execution. We report
four metrics: SR for full completion, PSR for subgoal progress, SPL for efficiency, and PSPL for partially completed tasks.
For Task 1, SPL and PSPL are equivalent.

Method Task 1 (1 subtask) Task 2 (2 subtasks) Task 3 (3 subtasks)

SR ↑ SPL ↑ SR ↑ PSR ↑ SPL ↑ PSPL ↑ SR ↑ PSR ↑ SPL ↑ PSPL ↑
OK-Robot 0.23 0.20 0.05 0.19 0.05 0.19 0.03 0.27 0.03 0.13
DovSG 0.28 0.25 0.13 0.23 0.13 0.16 0.08 0.36 0.05 0.23
DynaMem 0.60 0.42 0.43 0.71 0.29 0.40 0.15 0.62 0.09 0.47
BINDER (Ours) 0.93 0.69 0.78 0.88 0.68 0.71 0.63 0.85 0.48 0.72

TABLE II: Real-world two home environments evaluation
on Task 3. Results are shown for a studio apartment and
a three-room apartment. We report Success Rate (SR) and
Success weighted by Path Length (SPL).

Method Studio 3-Room

SR SPL SR SPL

OK-Robot 0.20 0.10 0.20 0.18
DovSG 0.20 0.20 0.40 0.33
DynaMem 0.30 0.15 0.50 0.36
BINDER (Ours) 0.70 0.57 0.80 0.62

unique object-receptacle arrangement defines a distinct initial
state, maintained consistently across methods. (2) Queries:
Task instructions specify randomly sampled object-receptacle
pairs (1–3 pairs based on task category). (3) Dynamics:
We introduce two position perturbations per query—typically
moving objects during approach and receptacles during trans-
port—simulating real-world dynamics.

Metrics. Following prior work [33], we report Success Rate
(SR) for full completion, Partial Success Rate (PSR) for
completed subgoals, and Success weighted by Path Length
(SPL) for path efficiency relative to expert demonstrations
from voxel-derived occupancy grids. For multi-subgoal tasks,
we introduce Partial Success weighted by Path Length
(PSPL), extending SPL by averaging efficiency over com-
pleted subgoals rather than requiring full task completion.

Baselines. We compare BINDER with three strong baselines
for the OVMM task: OK-Robot [3], DynaMem [6], and
DovSG [7]. Since OK-Robot and DynaMem are designed for
single object-receptacle tasks, we extend them to multi-object
settings by sequentially executing each object-receptacle pair
in the instruction query. OK-Robot and DovSG require global
pre-scanning to build environment maps, with performance
highly sensitive to scan quality. To ensure fair comparison,
we perform five scans per scene and report results using the
best-quality map. For DovSG, we replace the Stretch SE3’s
default D435i camera with a RealSense D455 RGB-D cam-
era following their original implementation, as ACE-based
pose estimation was unreliable with the default hardware.

TABLE III: Ablation study of proposed dual-process
components. We evaluate four variants of BINDER. Ex-
periments are conducted on Task 3 (three objects → three
receptacles) in the office environment with 10 trials per
variant. Metrics include SR, PSR, and SPL.

Configuration Components SR PSR SPL PSPL
DRM IRM

Neither ✘ ✘ 0.30 0.43 0.22 0.28
DRM only ✔ ✘ 0.40 0.57 0.38 0.50
IRM only ✘ ✔ 0.60 0.83 0.47 0.59
DRM+IRM (BINDER) ✔ ✔ 0.80 0.93 0.63 0.82

C. Quantitative Results

Quantitative results in office environment. Table I demon-
strates BINDER’s consistent superiority across all task com-
plexities. In single-object tasks (Task 1), BINDER achieves
an SR of 0.93 compared to 0.60 for the best baseline
(DynaMem). This advantage amplifies with task complexity:
in Task 2 (two subtasks), BINDER reaches 0.78 versus
DynaMem’s 0.43, and in Task 3 (three subtasks), main-
tains 0.63—over 4× higher than any baseline. Moreover,
BINDER excels in partial task completion, achieving a PSR
of 0.85 in Task 3 compared to DynaMem’s 0.62, indicating
robust recovery from individual failures.

These improvements stem from our dual-process design:
the IRM enables real-time corrections and dynamic ad-
justments through continuous monitoring, while the DRM
ensures efficient exploration via top-k frontier evaluation
(Sec. III-C). This is reflected in improved SPL/PSPL metrics
and shorter trajectories (Table V). Our heterogeneous com-
pute strategy effectively resolves the fundamental trade-off
in existing approaches—OK-Robot and DovSG suffer from
stale perception, while DynaMem incurs costly reconstruc-
tion pauses. By decoupling strategic planning (DRM) from
lightweight monitoring (IRM), BINDER achieves temporal
continuity and spatial precision, translating to higher success
rates and efficiency under dynamic conditions.

Quantitative results in home environments. Table II shows
BINDER’s clear advantages in both home settings, with
success rates improving by roughly 0.4 in the one-room
studio and 0.3 in the three-room layout compared to Dy-
naMem. These gains stem from the IRM’s opportunistic
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TABLE IV: Effect of IRM on tabletop manipulation tasks.
We compare a baseline without IRM against our system with
IRM enabled, averaging results over 30 manipulation trials
with restricted base motion. Metrics are overall success rate
and average execution time, highlighting how IRM improves
reliability with minimal time overhead.

Configuration SR ↑ Avg. Time (sec.) ↓

DRM only 0.53 61
DRM + IRM (BINDER) 0.77 66

TABLE V: Comparison of completion time and trajectory
length for Task 3 in the office environment. We report
average completion time (minutes) and path length (meters),
computed over successful trials from 40 runs. Results com-
pare our method against DynaMem [6].

Method Avg. Time (min.) ↓ Avg. Length (m) ↓
DynaMem [6] 33.83 39.60
BINDER 21.90 28.35

target detection during navigation and the DRM’s timely
replanning for changed receptacle states. Efficiency metrics
mirror these improvements: SPL improves by ∼3.8× in the
studio and ∼1.7× in the 3-room apartment, confirming that
our dual-process design enhances both reliability and path
efficiency under dynamic conditions.

D. In-depth analysis

Ablation study. Table III evaluates four variants on Task 3
(10 trials each): DRM + IRM (full system), DRM only (no
continuous monitoring), IRM only (no DRM guidance), and
Neither (discrete updates only). DRM only shows modest
reliability gains (SR: 0.30 → 0.40, PSR: 0.43 → 0.57)
but substantial path efficiency improvements (SPL: 0.22→
0.38, PSPL: 0.28→ 0.50) via contextual frontier evaluation
avoiding unnecessary detours. IRM only improves reliability
through continuous perception (SR: 0.30 → 0.60, PSR:
0.43→0.83), but lacks task-specific focus, relying on generic
descriptions without DRM guidance.

The combined DRM + IRM achieves the highest perfor-
mance (SR: 0.80, PSR: 0.93, SPL: 0.63, PSPL: 0.82). This
confirms our dual-process synergy: the IRM provides tem-
poral continuity through opportunistic detections and micro-
corrections, while the DRM supplies task-specific guidance
and geometry-based replanning, outperforming either alone.

Effect of IRM on manipulation. To further evaluate the
IRM’s contribution, we conduct a tabletop study restricting
base motion to forward–backward (Fig. 4b). Using diverse
objects and receptacles, we run 30 manipulation trials with
randomly sampled object–receptacle pairs, comparing with
and without the IRM. Table IV shows the IRM increases
success rate from 0.53 to 0.77 with minimal overhead (61s
→ 66s), primarily from gripper re-alignment during local
adjustments. This demonstrates how continuous monitoring

Fig. 5: Qualitative examples of BINDER in dynamic
environments. Top: Exploration. An apple appears mid-
navigation; the IRM detects it and triggers DRM replanning,
leading to efficient target acquisition. Bottom: Manipulation.
A Coke can is displaced during grasp; the IRM detects the
shift, adjusts the pose, and completes the action without
full replanning. Together, DRM and IRM maintain temporal
awareness and spatial precision under dynamic changes.

detects minor shifts to enable immediate corrections.

Completion time and path efficiency. Table V shows
that despite additional modules (IRM and DRM), BINDER
achieves faster execution and shorter trajectories than Dy-
naMem [6], which shows the highest SR among baselines
in the office environment. This aligns with our motivation
(Sec. I): while prior systems repeatedly pause for map
updates, BINDER’s IRM provides continuous monitoring,
triggering 3D reconstruction updates only when exploring
new areas. Object localization occurs directly through the
IRM during navigation, yielding smoother execution. Dy-
naMem [6] trajectories are approximately 1.4× longer, as
robots travel additional distance before recognizing objects.

E. Qualitative Results

We illustrate in Fig. 5 how BINDER adapts to dy-
namic changes. In the top example, an apple appears mid-
navigation; the IRM detects it and triggers a REPLAN,
allowing the DRM to update the plan and grasp the object
efficiently. In the bottom example, a Coke can is physically
displaced during the grasp attempt; the IRM issues an AD-
JUST event, enabling rapid re-alignment and successful com-
pletion without restarting the manipulation pipeline. These
examples show how continuous monitoring and deliberative
replanning work together to maintain temporal awareness and
spatial precision in real-world execution.
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V. CONCLUSION

We presented BINDER, a dual-process framework that
addresses OVMM’s core limitation—intermittent scene per-
ception—by decoupling continuous video monitoring (IRM)
from selective 3D reconstruction and planning (DRM) via
bidirectional coordination. Across an office and two real-
world homes, BINDER consistently improved metrics and
reduced time and path length over baselines. Ablations
confirmed the roles of DRM and IRM, and tabletop stud-
ies showed higher manipulation reliability. By maintaining
continuous awareness between updates while preserving
geometry-accurate planning at key decision points, BINDER
advances OVMM toward robust real-world deployment.
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T. Welschehold, F. Despinoy, I. Gilitschenski, and A. Valada, “More:
Mobile manipulation rearrangement through grounded language rea-
soning,” in IROS, 2025.

[9] P. Zhi, Z. Zhang, Y. Zhao, M. Han, Z. Zhang, Z. Li, Z. Jiao, B. Jia, and
S. Huang, “Closed-loop open-vocabulary mobile manipulation with
gpt-4v,” in ICRA, 2025.

[10] D. Qiu, W. Ma, Z. Pan, H. Xiong, and J. Liang, “Open-vocabulary mo-
bile manipulation in unseen dynamic environments with 3d semantic
maps,” arXiv, 2024.
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