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Abstract

Task and Motion Planning (TAMP) provides a principled framework for long-horizon robotic

manipulation, yet classical approaches assume fully observable, static environments, as-

sumptions that fail catastrophically in real-world deployment. Vision-Language Models

(VLMs) offer a compelling solution by grounding symbolic predicates in open-vocabulary

visual observations, enabling TAMP systems to reason about previously unknown objects

and scenes. However, current VLM-TAMP systems treat these models as infallible oracles:

queried once, trusted implicitly, and never questioned. VLMs provide no reliable signal when

their perceptions are uncertain and offer no mechanism to actively resolve ambiguity; when

faced with occlusion, clutter, or dynamic scene changes, these systems either fail silently or

propagate perceptual errors through subsequent execution. This thesis introduces VLM-

grounded Task and Motion Planning with uncertainty-aware active perception

(VAP-TAMP), a closed-loop framework that transforms VLMs from passive perception

modules into active participants in robust task execution while handling unforeseen situations.

We integrate PDDL-based symbolic planning with VLM-powered semantic grounding through

three contributions: (1) a Multi-Query Consistency based Uncertainty Detector (MQCD)

that identifies unreliable VLM responses by probing the model with semantically equivalent

queries and measuring response agreement; (2) an improved entropy-based semantic viewpoint

selection mechanism, for active perception that maximizes expected reduction in VLM belief

entropy over queried predicates, approximated through a geometric proxy that prioritizes

viewpoints revealing previously occluded object features; and (3) a situation-aware replanning
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mechanism, that leverages VLM-based post-action verification to detect execution failures

and environmental changes, initiating PDDL-based recovery planning. We evaluate on a

real-world mobile manipulator across tasks involving occlusion, adversarial disturbance, and

safety-critical state verification, significantly outperforming state-of-the-art baselines and

demonstrating that explicitly quantifying and actively resolving VLM uncertainty is essential

for deploying VLM-TAMP systems in unstructured, human-centric environments.
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Chapter 1

Introduction

Task and Motion Planning (TAMP) has long provided a principled framework for long

horizon robotic manipulation, combining symbolic reasoning with geometric motion planning

to solve complex, multi step tasks [1]. Classical TAMP systems offer formal guarantees

and compositional generalization, yet they operate under restrictive assumptions: fully

observable environments, static scenes, and known object models. These assumptions fail

catastrophically in real-world deployment, where robots must contend with occlusion, clutter,

dynamic changes, and previously unseen objects.

Vision-Language Models (VLMs) have emerged as a compelling solution to this limitation. By

grounding symbolic predicates in open-vocabulary visual observations, VLMs enable TAMP

systems to perceive and reason about previously unknown objects and scenes [2–4]. A robot

can now interpret commands like “bring me something to drink coffee with” and visually

verify whether “the mug is on the table.” This capability has sparked a new generation

of VLM-TAMP systems that promise to operate in previously inaccessible unstructured

environments. Yet a fundamental gap remains. Current VLM-TAMP systems treat these

powerful models as infallible oracles: queried once, trusted implicitly, and never questioned [5–

8]. This assumption is problematic. VLMs frequently fail in precisely the conditions that

define real-world deployment: occluded objects, cluttered scenes, ambiguous viewpoints, and
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dynamic environments [9, 10]. When a VLM misidentifies a bowl as a mug due to partial

occlusion, or fails to notice that an object has been moved, the error propagates silently

through subsequent planning and execution. Current systems provide no reliable signal when

perception is uncertain, no mechanism to actively resolve ambiguity, and no capacity to

recover when actions fail. The result is brittle autonomy, an impressive demonstrations that

collapse under the adversarial conditions of real world operation.

We argue that the path to robust mobile manipulation requires a paradigm shift: from passive,

single-shot perception to active, uncertainty-aware perception-action loops. The robot must

know when it does not know, actively seek disambiguating information, and verify that its

actions achieve their intended effects. The key insight underlying this work is that VLM

uncertainty, rather than being a nuisance to suppress, is a valuable signal that should trigger

active information gathering. When a VLM is uncertain whether an object is a mug or a bowl,

the robot should not guess, it should move to obtain a better viewpoint. When post-action

verification reveals that a grasp failed, the robot should not proceed blindly, it should replan.

This thesis introduces VLM-grounded Task and Motion Planning with uncertainty-

aware active perception (VAP-TAMP), a closed-loop framework that transforms VLMs

from passive perception modules into active participants in robust task execution while

handling unforeseen situations. VAP-TAMP integrates classical PDDL-based symbolic

planning with VLM-powered semantic grounding, enabling robots to detect perceptual

uncertainty, actively resolve ambiguity through viewpoint exploration, and recover from

execution failures through symbolic replanning.

This thesis makes three contributions:

1. A Multi-Query Consistency based Uncertainty Detector (MQCD) that identi-

fies unreliable VLM responses by probing the model with semantically equivalent queries

and measuring response agreement. Rather than trusting a single query, MQCD gener-
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ates multiple syntactically distinct but semantically equivalent prompts and computes

a consistency score. Low consistency reliably indicates genuine perceptual ambiguity,

identifying scenes where single-shot perception is likely to fail.

2. An improved entropy-based semantic viewpoint selection mechanism for active

perception that maximizes expected reduction in VLM belief entropy over queried

predicates, approximated through a geometric proxy that prioritizes viewpoints revealing

previously occluded object features. This approach is grounded in the insight that

semantic ambiguity typically arises from geometric occlusion.

3. A situation-aware replanning mechanism that leverages VLM-based post-action

verification to detect execution failures and environmental changes, initiating PDDL-

based recovery planning. After each manipulation primitive, the VLM verifies whether

expected effects were achieved. Detected mismatches, such as a failed grasp, a displaced

object, or an unexpectedly closed door, trigger symbolic state updates and recovery

planning, enabling the robot to adapt rather than fail.

The remainder of this thesis is organized as follows. Chapter 2 reviews related work in

Task and Motion Planning, Vision-Language Models for robotics, and active perception,

positioning VAP-TAMP within the current research landscape. Chapter 3 presents the

VAP-TAMP methodology in detail, including MQCD for uncertainty quantification, entropy-

based semantic viewpoint selection, and the situation-aware replanning algorithm. Chapter 4

describes our experimental setup, baseline comparisons, and comprehensive results. Chapter 5

concludes with a discussion of limitations and directions for future research.
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Chapter 2

Related Work

This work sits at the intersection of classical Task and Motion Planning (TAMP), modern

Vision-Language Models (VLMs) for robotic perception, and active perception strategies

for handling uncertainty. While significant progress has been made in each of these areas

independently, the integration of VLM-based perception with classical TAMP frameworks,

particularly with active perception mechanisms to address VLM uncertainty still remains

largely unexplored. This chapter reviews the relevant literature across these domains, weaving

together insights that motivate and contextualize our approach.

2.1 Task and Motion Planning

Task and Motion Planning (TAMP) addresses the fundamental challenge of combining discrete,

symbolic reasoning about tasks with continuous motion planning in physical space [1, 11].

The goal is to synthesize plans that are both symbolically valid for achieving high level goals

and kinematically feasible for robot execution. Early TAMP systems employed hierarchical

decomposition, separating symbolic planning from geometric reasoning [12]. These approaches

typically use symbolic planners such as PDDL-based systems like FastForward [13] to generate
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high-level action sequences, followed by motion planners including RRT [14] and PRM [15]

to compute collision-free trajectories. However, this sequential approach suffers from a

fundamental limitation: symbolic plans may prove motion-infeasible, requiring expensive

backtracking and replanning cycles that substantially degrade system performance.

To address this inefficiency, more tightly integrated approaches have emerged over the past

decade. Kaelbling and Lozano-Pérez [11] introduced frameworks that interleave symbolic

and geometric reasoning, where motion planning failures directly inform the symbolic search

space. Building on this foundation, PDDLStream [16] extends the idea by unifying streams of

geometric samples with symbolic planning, enabling more efficient exploration of the combined

discrete-continuous search space. Similarly, SMTPlan [17] and its variants leverage constraint

satisfaction techniques to tightly couple symbolic and geometric constraints, demonstrating

impressive performance in benchmark domains.

Recent work has begun addressing the visual grounding challenge in TAMP. GROP [18]

introduced visually grounded task and motion planning, enabling robots to ground symbolic

predicates in visual observations for manipulation tasks. This approach was subsequently

extended to incorporate large language models in LLM-GROP [19], which leverages LLMs to

bridge natural language instructions with visually grounded planning, enabling more flexible

human-robot interaction. These works provide foundational insights that inform our approach

to integrating VLM-based perception with symbolic planning.

Despite these advances, classical TAMP frameworks share a critical assumption that becomes

their primary limitation in real-world deployment: the world state is fully known and

static. Symbolic predicates such as on(block, table) or clear(cup) are assumed to be

accurately maintained throughout execution, with perfect correspondence to physical reality.

This assumption holds reasonably well in controlled laboratory environments equipped with

engineered perception systems (fiducial markers, depth cameras) paired with known object
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models, or structured lighting setups. However, it breaks down dramatically when robots

operate in real-world human environments, which are characterized by partial observability

(objects occluded or outside sensor field of view), dynamic changes during task execution due

to human activities or physical interactions, and inherent perceptual uncertainty in object

recognition and pose estimation, especially for novel or texture-less objects.

Some works have attempted to incorporate uncertainty into TAMP through probabilistic

extensions. T-RRT [20] and its variants handle continuous state uncertainty through proba-

bilistic motion planning, while belief-space TAMP approaches [21, 22] maintain distributions

over possible world states and reason about expected outcomes. However, these methods still

fundamentally rely on accurate a priori object models and known uncertainty distributions.

More critically, they struggle to scale to open-vocabulary scenarios where object classes are

not pre-specified and must be discovered at runtime.

Our approach fundamentally advances beyond these limitations by replacing the assump-

tion of perfect state knowledge with VLM-based perception capable of open-vocabulary

understanding, while introducing active perception to detect and resolve uncertainty before

planning. Unlike belief-space TAMP methods that attempt to plan optimally under all

possible belief states which scales poorly in high dimensional, open-vocabulary domains, we

proactively improve state estimates through targeted information gathering, ensuring that

classical TAMP proceeds with sufficiently confident observations. This design philosophy

trades the theoretical completeness of probabilistic planning for practical scalability and

computational efficiency in real-world, unstructured environments where the space of possible

objects and configurations cannot be enumerated a priori.
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2.2 Vision-Language Models for Robotic Perception

and Planning

The emergence of large-scale Vision-Language Models (VLMs) such as Gemini [23], CLIP [24],

Flamingo [25], and GPT-4V [26] has fundamentally transformed the landscape of robotic

perception. Pretrained on massive internet scale image-text datasets, these models exhibit

remarkable zero-shot capabilities in visual understanding, object recognition, and spatial

reasoning, offering a compelling alternative to traditional perception pipelines that require

extensive task-specific training data and predefined object categories.

Recent work has demonstrated that VLMs can serve as powerful scene understanding

modules for robotic systems [8, 27, 28]. SayCan [8] leverages VLMs to compute affordance

probabilities by determining which actions are feasible given the current scene configuration

and uses these probabilities to guide a symbolic planner toward executable action sequences.

This effectively prunes the search space, focusing planning resources on actions likely to

succeed. In a complementary direction, Code as Policies [7] uses large language models

to generate executable Python code for robotic manipulation, grounding abstract natural

language commands in concrete robot APIs. Other approaches, including GroundedSAM [29]

(combining Grounding DINO [30] with Segment Anything [31]), VILD [32], and GLIPv2 [33],

enable open-vocabulary object localization and segmentation from free-form text queries by

aligning visual and language embeddings in a shared semantic space.

Beyond perception, VLMs and large language models have been directly integrated into

task planning pipelines. Inner Monologue [34] uses an LLM to generate high-level plans

and iteratively refines them based on environmental feedback, including success and failure

detection signals. LLM-TAMP [35] generates PDDL-style action sequences conditioned on

scene descriptions, demonstrating that language models can capture commonsense reasoning
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about task structure and temporal dependencies. LLM+P [36] takes a complementary

approach by using LLMs to translate natural language task specifications into PDDL problem

definitions, leveraging the formal guarantees of classical planners while benefiting from LLMs’

natural language understanding capabilities. This separation of concerns (using LLMs for

problem specification and classical planners for plan synthesis) offers advantages in terms of

plan correctness and interpretability. PaLM-E [5] and RT-2 [37] push this integration further

by training end-to-end visuomotor policies that map directly from images and language to

robot actions, effectively bypassing explicit symbolic planning in favor of learned reactive

behaviors.

The challenge of open-world planning, where robots must handle novel objects and scenarios

not seen during training has motivated several recent approaches. COWP [38] addresses open-

world task planning by leveraging LLMs to reason about novel objects and generate task plans

that generalize beyond predefined object categories. This work demonstrates that LLMs can

provide commonsense knowledge about object affordances and task structure even for objects

not explicitly represented in the planning domain. DKPrompt [39] advances open-world

planning further by using computer vision models to detect and reason about novel objects

in the scene, automatically incorporating discovered objects into the planning domain. These

approaches share our motivation of enabling robots to operate in open-vocabulary settings,

though they do not explicitly address the uncertainty inherent in VLM-based perception.

While these approaches showcase impressive capabilities, a growing body of evidence reveals

systematic failure modes in VLM-based systems that have received insufficient attention in

the robotics community. VLMs struggle with precise spatial reasoning for tasks requiring

understanding of fine-grained spatial relationships such as “the cup is to the left of the book”

or accurate counting [40]. They exhibit hallucination behaviors, confidently reporting objects

that are not present in the scene [41]. Occlusion handling remains problematic: when objects

are partially occluded or outside the field of view, VLMs frequently fail to detect them or
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report incorrect attributes [42]. Perhaps most concerning for robotic applications, many

VLMs produce deterministic outputs without calibrated confidence scores, providing no signal

about when their predictions should be trusted or questioned [43].

Critically, most existing VLM-based robotic systems treat VLM outputs as ground truth,

directly incorporating them into planning and control without accounting for uncertainty.

When integrated into TAMP frameworks, incorrect VLM predictions propagate through the

symbolic reasoning layer, leading to infeasible plans, wasted computational resources, or

outright task failures during execution. A few recent works have begun acknowledging this

issue: VoxPoser [6] uses value maps to capture spatial uncertainty in affordance predictions,

and VLMbench [44] proposes systematic benchmarks for evaluating VLM reliability in robotic

contexts. However, these approaches remain fundamentally passive, they measure or represent

uncertainty but do not actively resolve it through targeted perception actions.

Our work represents a paradigm shift from passive uncertainty representation to active

uncertainty resolution. By explicitly modeling VLM uncertainty and introducing a verification

and active perception mechanism, we autonomously trigger information-gathering behaviors

when the VLM exhibits uncertainty about critical scene properties. This active approach

offers three key advantages over passive methods: first, it prevents uncertain VLM predictions

from propagating into planning, eliminating wasted computation on infeasible plans; second,

it systematically improves state estimate quality through targeted sensing actions rather than

hoping for fortuitous initial observations; third, it ensures that planning proceeds only with

adequately confident state estimates, dramatically reducing task failure rates. Where passive

approaches accept VLM uncertainty as an unavoidable limitation, we transform it into an

actionable signal that drives intelligent sensing behavior.
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2.3 Active Perception and Information Gathering

Active perception is the deliberate control of sensors or robot motion to acquire maximally

informative observations [45, 46] has long been recognized as essential for robust operation

in partially observable environments where initial sensor data is insufficient to uniquely

determine the world state. Early active perception systems focused on view planning for

object recognition and pose estimation, with Next-Best-View (NBV) algorithms [47, 48]

computing camera poses that maximize expected information gain, typically formalized using

entropy reduction or mutual information metrics [49]. In simultaneous localization and

mapping (SLAM), active perception strategies select robot trajectories that minimize map

uncertainty while ensuring exploration coverage [50].

Recent work has extended active perception to manipulation settings through interactive

perception [46], where robot actions such as pushing, poking, or grasping serve as information-

gathering strategies to reveal hidden objects or disambiguate object properties. Methods

including Driven by Learning [51] and related approaches [52] learn policies for singulating

objects in cluttered scenes by physically interacting with the environment, using the resulting

scene changes to improve state estimates.

Integrating active perception with task planning presents substantial challenges because

it requires reasoning jointly about when to gather information versus when to act toward

the goal. Contingent planning frameworks [53, 54] represent plans as decision trees with

observation nodes, explicitly encoding information-gathering actions and conditional branches

based on observation outcomes. However, these approaches suffer from exponential branching

as the planning horizon increases, making them difficult to scale beyond toy problems. Belief-

space planning methods [21, 55] model uncertainty explicitly using Partially Observable

Markov Decision Processes (POMDPs), where the robot maintains a belief distribution over

possible world states and information-gathering actions are naturally incentivized when they
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reduce uncertainty and enable higher expected task reward. While theoretically elegant,

POMDP solvers face severe computational challenges with high-dimensional state spaces and

long task horizons, both of which are ubiquitous in manipulation domains.

A more pragmatic approach adopted by many deployed systems is open-loop execution with

replanning: execute a plan based on current state estimates, detect failures during execution

through monitoring, and replan when failures occur [56]. FF-Replan [57] and related methods

employ this strategy, trading optimality for computational tractability. However, they require

robust failure detection mechanisms and may waste resources on infeasible plans before

triggering replanning.

Existing active perception methods remain largely decoupled from modern VLM-based

perception systems, representing a significant missed opportunity for synergy. Classical NBV

algorithms assume parametric sensor models, known camera intrinsics, depth uncertainty

models derived from sensor physics and optimize over low-level geometric quantities without

access to semantic-level reasoning. Interactive perception methods focus on geometric

disambiguation, such as revealing occluded surfaces through physical interaction, but do not

leverage the rich semantic understanding that VLMs provide to determine what information

is most critical to disambiguate for successful task completion. This disconnect between

traditional active perception’s geometric focus and VLMs’ semantic capabilities leaves a gap

in handling the types of uncertainty that VLMs introduce: semantic ambiguity about object

identity, attribute confusion, or incomplete scene understanding due to limited viewpoints.

This work bridges this gap through a novel integration where VLM-based perception and active

perception form a tightly-coupled feedback loop, yielding capabilities that neither approach

achieves independently. We use VLM uncertainty scores(derived from response consistency

across semantically equivalent queries) as direct triggers for active perception behaviors,

creating a system where semantic uncertainty drives geometric sensing decisions. This
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integration offers distinct advantages: unlike classical NBV methods that optimize viewpoints

based solely on geometric information gain, our approach prioritizes viewpoints that resolve

semantically critical uncertainties identified by the VLM (e.g., disambiguating between visually

similar objects that have different manipulation affordances). Unlike interactive perception

methods that operate without semantic guidance, our approach uses VLM reasoning to

determine which physical interactions will yield the most task-relevant information. When

uncertainty is detected about scene properties critical for task success, such as object presence

due to occlusion or confusion between similar objects, the system autonomously plans and

executes information-gathering actions before committing to a manipulation plan. This

semantic-geometric coupling ensures that symbolic planning operates on state estimates of

sufficient quality while focusing sensing resources on uncertainty that actually matters for task

completion, rather than pursuing comprehensive but task-irrelevant information gathering.

2.4 Failure Recovery and Replanning in Robotic Sys-

tems

Robust execution in real-world environments demands mechanisms to detect failures and

generate alternative courses of action when plans go awry. Failure recovery has been

extensively studied across classical planning and robot control communities, yielding diverse

strategies that trade off between computational efficiency and solution quality. Replanning

approaches generally fall into three categories: plan repair methods [58] that modify existing

plans to account for new information while preserving valid plan segments, full replanning

strategies [59] that discard current plans and compute new ones from scratch using updated

world states, and hybrid approaches [60] that attempt fast plan repair when possible and

fall back to full replanning when necessary. In robotics, replanning is typically triggered

by sensory feedback indicating unexpected outcomes (a failed grasp, an object not in the
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expected location, or collision detection) prompting the system to reestimate the world state

and generate a new plan [61].

Existing replanning systems implicitly assume access to ground truth or high-fidelity state

estimation, typically provided through accurate object tracking, calibrated sensors, or engi-

neered perception pipelines. This assumption becomes problematic in VLM-based planning

systems for several reasons. First, VLMs may provide incorrect scene interpretations from the

outset, leading to infeasible plans before execution even begins. Second, execution failures

may stem from perceptual errors rather than motion failures, if the VLM incorrectly identifies

an object’s location or attributes, the resulting grasp or navigation plan will fail regardless of

motion planning quality. Third, naively replanning with the same incorrect VLM output will

inevitably lead to repeated failures, wasting resources and potentially damaging objects or

the environment.

Our approach advances beyond traditional replanning by explicitly distinguishing between

perceptual failures and motion failures, enabling targeted recovery strategies that existing

methods cannot achieve. When VLM uncertainty is detected during the planning phase,

we employ active perception to improve state estimates before generating plans, preventing

perceptual errors from propagating into execution. When execution failures occur despite this

precaution, we use VLM-based verification to diagnose the failure source: if post-execution

VLM queries reveal that the world state differs from predictions, we trigger active perception

to correct the state estimate before replanning, addressing the root cause rather than merely

generating alternative plans. This failure-aware recovery strategy offers two critical advantages

over traditional replanning: first, it prevents the repeated failure cycles that plague VLM-

based systems when perceptual errors are not explicitly addressed; second, it efficiently

allocates recovery resources by distinguishing between perception-level and motion-level

failures. Coupled with our uncertainty quantification and viewpoint selection mechanisms,

this provides a comprehensive framework for robust task execution that explicitly handles
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the unique challenges introduced by VLM uncertainty in ways that classical replanning

approaches fundamentally cannot.
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Chapter 3

Methodology

This chapter details the methodology behind VLM-grounded Task and Motion Plan-

ning with uncertainty-aware active perception (VAP-TAMP). We present the formal

problem definition, the system architecture, and the algorithms governing navigation, manip-

ulation, and closed-loop execution with VLM-based verification.

3.1 System Overview

VAP-TAMP addresses a fundamental challenge in deploying Task and Motion Planning

(TAMP) systems to real-world mobile manipulation: the perception-state grounding problem.

While symbolic planners operate over abstract predicates assuming perfect state observability,

real-world execution requires continuously verifying that these symbolic representations

accurately reflect physical reality. This gap between symbolic assumptions and perceptual

uncertainty is the core problem VAP-TAMP is designed to solve.

Consider a robot tasked with retrieving a mug from a microwave. A TAMP system generates a

plan with actions like open(microwave), grasp(mug), and place(mug, counter). Each action

has preconditions: grasp(mug) requires that the mug be visible and reachable. Traditional
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TAMP assumes these predicates can be evaluated with certainty. In practice, the robot’s

camera may provide an ambiguous view (e.g., is the microwave door fully open or only

partially? Is that cylindrical object the target mug or a similar container?). These perceptual

ambiguities can cause plan execution to fail silently or catastrophically.

Figure 3.1: The VAP-TAMP system architecture. The framework comprises three core
layers: (1) A Symbolic Planning Layer that generates high-level PDDL plans under standard
assumptions; (2) A Perception Layer (our core contribution) utilizing VLM-based verification
and 3D semantic mapping to ground symbolic predicates in physical observations; and (3)
An Execution Layer managing robot control. Two novel feedback loops are highlighted:
the Active Perception Loop powered by MQCD and entropy-based viewpoint selection for
resolving uncertainty before action execution, and the Situation Handling Loop for error
recovery after execution failures.

VAP-TAMP closes this gap by introducing active perception as a first class component of

plan execution. Rather than passively accepting initial observations, VAP-TAMP treats

perceptual uncertainty as a signal to gather additional information through purposeful robot

16



motion. The system integrates three layers that work together to ground symbolic plans in

physical reality:

• Symbolic Planning Layer: Generates high-level action sequences using PDDL

planning. This layer operates under the standard TAMP assumption of perfect state

knowledge. VAP-TAMP does not modify the planning formalism itself but rather

addresses the gap between planning assumptions and execution reality.

• Perception Layer: Provides VLM-based verification to ground symbolic predicates

in real observations. This layer is responsible for answering the question: “Does the

current physical state satisfy the symbolic preconditions required for the next action?”

When the answer is uncertain, this layer triggers active perception to resolve ambiguity.

• Execution Layer: Handles low-level motion control for navigation and manipulation.

This layer executes both planned actions and the information-gathering motions required

by active perception.

3.2 Problem Formulation

We formalize the task as a plan execution problem under perceptual uncertainty. This

formulation explicitly captures the gap between symbolic planning assumptions and the

partial observability inherent in real-world robotic perception.

Planning Domain

The underlying planning problem is defined over a tuple Σ = ⟨P ,A, s0, g⟩, where P is a set

of predicates describing world properties, A is a set of parameterized actions, s0 is the initial
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symbolic state, and g is the goal condition. Each action a ∈ A is defined by preconditions

Pre(a) and effects Eff(a). In the idealized TAMP setting, a plan π = {a1, a2, . . . , an} is valid

if:

∀i ∈ {1, . . . , n}, Pre(ai) ⊆ si−1 and si = (si−1 \ Eff−(ai)) ∪ Eff+(ai) (3.2.1)

This formulation assumes the symbolic state s is known with certainty at each step. VAP-

TAMP does not modify this planning formalism; we use standard PDDL planners as black

boxes. Our contribution lies in how we verify and maintain alignment between the symbolic

state and physical reality during execution.

The Perception-State Grounding Problem

In real-world execution, the robot cannot directly access the true state sreal. Instead, it

receives observations o from onboard sensors (RGB-D cameras) that provide only partial

information about the world. We formalize this through a VLM-based observation function

V that maps an image observation o and a symbolic predicate p to a ternary evaluation:

V (o, p)→ {True,False,Uncertain} (3.2.2)

The inclusion of Uncertain as an explicit output is crucial. Unlike binary classifiers that force

a decision even with low confidence, our formulation acknowledges that some observations

are genuinely ambiguous. This uncertainty can arise from:

• Occlusion: The target object is partially hidden by other objects or the environment.

• Viewpoint limitations: The current camera angle does not reveal discriminative

features.
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• Sensor noise: Poor lighting conditions or motion blur degrade image quality.

• Semantic ambiguity: Similar objects that are difficult to distinguish from the current

view.

The core guarantee VAP-TAMP provides is: before executing action ai, the system ensures

that for all predicates p ∈ Pre(ai), the observation function returns V (o, p) = True with high

confidence. When this condition cannot be satisfied from the current viewpoint, VAP-TAMP

autonomously moves to gather additional observations until uncertainty is resolved.

Theoretical Guarantees

We provide theoretical grounding for the active perception mechanism, establishing conditions

under which VAP-TAMP is guaranteed to resolve uncertainty.

Theorem 3.2.1 (Probabilistic Completeness). Given a finite set of reachable viewpoints V

and a VLM oracle with non-zero probability of correct classification P (correct|v) > 0.5 for at

least one viewpoint v ∈ V, the active perception process terminates with the correct predicate

evaluation with probability approaching 1 as the number of viewpoints explored increases.

Proof Sketch. Let the true state of a predicate be y∗. At each step t, the robot selects

a viewpoint vt and receives a noisy observation yt from the VLM. We model the VLM

response as a Bernoulli random variable with success parameter pv. Assuming observations

are conditionally independent given the state (a mild assumption for viewpoints with sufficient

spatial separation), the aggregated decision follows the Law of Large Numbers. As N →∞,

the accumulated evidence (e.g., via majority voting or Bayesian updates) concentrates

probability mass on the ground truth y∗. Since the algorithm prioritizes viewpoints by

information gain, it effectively samples from the most informative subset of V , accelerating

convergence compared to random sampling.

19



Complexity Analysis. The computational overhead of active perception is bounded:

• Viewpoint Generation: O(|M | log |M |) for a voxel map of size |M |, dominated by

ray-casting and sorting operations. This is efficient for typical room-scale maps.

• VLM Queries: O(k) where k is the maximum number of viewpoints explored. Since

VLM inference takes constant time Cvlm, and in practice k ⩽ 5, this adds negligible

overhead compared to physical motion time.

• Replanning: O(|A|d) where |A| is action space size and d is plan depth. By maintaining

valid plan prefixes, VAP-TAMP minimizes d for recovery planning, ensuring replanning

is significantly faster than planning from scratch.

3.3 Mapping and Scene Understanding

The robot navigates using a hybrid map comprising a 2D occupancy grid M2D for localization

and a 3D semantic voxel map M3D for object grounding.

3D Semantic Mapping and Instance Memory

The environment is represented as a voxel grid V . Each voxel v(x, y, z) stores its occupancy

state, color, and a semantic feature embedding. The voxel map is constructed from RGB-D

observations using volumetric fusion. Voxels are updated via Truncated Signed Distance

Function (TSDF) integration:

vocc ← TSDF update(v,Dt, Tt) (3.3.1)

vcolor ← weighted average(vcolor, It) (3.3.2)
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Object Instance Segmentation: To identify manipulable objects, we compute a cosine

similarity score between a voxel’s semantic embedding vsem and the text embedding eq of a

query q:

score(v) =
vsem · eq
∥vsem∥∥eq∥

(3.3.3)

High-scoring voxels are clustered using DBSCAN to form object instances Ik. The centroid

is computed as centroid(Ik).

Instance Memory: The system maintains a memoryM of tracked objects. New detections

are matched to existing entries using the Hungarian algorithm on Euclidean distance:

C(i, j) = ∥centroid(Inew[i])−M[j]pos∥2 (3.3.4)

Spatial Reasoning and Predicate Grounding

VAP-TAMP computes geometric predicates directly from the 3D instance memory. For

instances A and B with centroids cA, cB:

• On(A, B): A is supported by B.

on(A,B) = (czA > czB) ∧ (|cxA − cxB| <
wB

2
) ∧ (|cyA − cyB| <

dB
2
) (3.3.5)

• Inside(A, B): Checked via bounding box containment and Intersection over Union

(IoU) thresholds.

• Visibility (inview): The system checks geometric visibility using camera intrinsics K

and pose Tcam, alongside raycasting for occlusion.

Coordinate Frame Alignment. The navigation stack operates in the map frame Fmap,
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while semantic targets are detected in the semantic frame Fsem. Given a target object obj

with centroid psem in the voxel map, the navigation goal pnav is computed using a calibrated

offset δ:

pnav = psem + δ =⇒

xnav

ynav

 =

xsem + δx

ysem + δy

 (3.3.6)

3.4 Active Perception Framework

A critical contribution of VAP-TAMP is the ability to autonomously resolve perceptual

ambiguity. Unlike passive systems that fail when initial observations are insufficient, VAP-

TAMP employs an information-theoretic approach to select the Next-Best-View (NBV) for

semantic verification. This section describes the two key components: the Multi-Query

Consistency based Uncertainty Detector (MQCD) for identifying when active perception

is needed, and the improved entropy-based semantic viewpoint selection mechanism for

efficiently resolving uncertainty.
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Algorithm 1 Uncertainty-Driven Active Perception with MQCD

Require: Current observation o, predicate p, VLM V , semantic map M
Ensure: Confident predicate evaluation
1: (result, confidence)← MQCD(o, p, V ) ▷ Multi-Query Consistency based detection
2: if confidence ⩾ τconf then
3: return result
4: end if

5: ▷ Generate candidate viewpoints from semantic map
6: Vcandidates ← GenerateViewpoints(M, target object(p))

7: for each v ∈ Vcandidates ranked by EntropyBasedSelection(v) do
8: onew ← NavigateAndObserve(v)
9: (result, confidence)← MQCD(onew, p, V )
10: UpdateBeliefState(p, result, confidence)
11: if confidence ⩾ τconf then
12: return result
13: end if
14: end for

15: return MajorityVote(all observations)

Multi-Query Consistency based Uncertainty Detector (MQCD)

Standard Vision-Language Models often exhibit poor calibration, meaning their output

probabilities do not accurately reflect true correctness. To address this, we propose the

Multi-Query Consistency based Uncertainty Detector (MQCD), a mechanism that identifies

unreliable VLM responses by probing the model with semantically equivalent queries and

measuring response agreement.

For a given visual observation o and predicate p (e.g., “Is the microwave door open?”),

MQCD generates a set of N semantically equivalent but syntactically distinct prompts

Qp = {q1, q2, . . . , qN}. For example, queries might range from “Is the door open?” to

“Describe the state of the microwave door.”
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MQCD executes the VLM on each prompt to obtain a set of binary responses Y = {y1, . . . , yN},

where yi ∈ {0, 1}. The MQCD score is calculated as the normalized agreement margin:

MQCD(o, p) =

∣∣∣∣∣ 1N
N∑
i=1

(2yi − 1)

∣∣∣∣∣ (3.4.1)

An MQCD score near 1.0 indicates high confidence (consensus across all queries), while

a score near 0.0 indicates high uncertainty (disagreement among queries). This approach

effectively treats the VLM as a noisy channel and uses ensemble averaging to boost the

signal-to-noise ratio. MQCD triggers active perception only when the score falls below a

calibrated threshold τunc, indicating that the current observation is insufficient for reliable

predicate evaluation.

The key insight is that VLM uncertainty manifests as inconsistency across semantically

equivalent queries. When the visual evidence strongly supports a particular answer, the

VLM produces consistent responses regardless of how the question is phrased. When the

evidence is ambiguous, different phrasings may trigger different reasoning paths, exposing

the underlying uncertainty. MQCD exploits this property to detect unreliable perceptions

before the robot commits to potentially incorrect actions.

Viewpoint Candidate Generation

To resolve uncertainty detected by MQCD, the robot must move to a new pose ξ ∈ SE(2).

We generate a set of candidate viewpoints Ξcand by sampling positions on a viewing circle

centered at the target object’s estimated centroid pobj:

Ξcand = {ξi | ∥pos(ξi)− pobj∥ = ropt, look at(ξi) = pobj} (3.4.2)
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where ropt is the optimal observation distance. We filter Ξcand to remove candidates that

collide with the static occupancy map.

Improved Entropy-Based Semantic Viewpoint Selection

The optimal viewpoint ξ∗ is selected using our improved entropy-based semantic viewpoint

selection mechanism. Unlike classical next-best-view approaches that maximize geometric

coverage, this mechanism targets semantic uncertainty reduction by maximizing expected

reduction in VLM belief entropy over the queried predicate.

Entropy-Based Formulation. Let H(p|o) denote the entropy of the VLM’s belief about

predicate p given observation o. The expected uncertainty reduction from moving to viewpoint

ξ is:

IGsem(ξ) = H(p|ocurr)− E[H(p|oξ)] (3.4.3)

where oξ is the observation obtained from viewpoint ξ. Intuitively, we seek viewpoints that

maximally reduce uncertainty about the semantic query.

Geometric Proxy for Semantic Uncertainty Reduction. Computing the expected

uncertainty reduction exactly requires predicting VLM responses from unseen viewpoints,

which is intractable. We therefore derive a geometric proxy based on the insight that semantic

disambiguation requires observing discriminative object features. For instance, distinguishing

a mug from a bowl requires observing the handle; verifying a door state requires observing

the door edge from an angle.

We define a visibility function G(ξ,M3D) as the volume of currently occluded or unobserved
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object voxels that become visible from pose ξ:

G(ξ,M3D) =
∑

v∈Voxocc(obj)

1[Visible(v, ξ)] (3.4.4)

where Voxocc(obj) denotes voxels in the object’s vicinity that are currently occluded or

unobserved, and Visible(v, ξ) is determined via ray-casting from pose ξ through the known

occupancy map.

The key assumption underlying this proxy is that occluded regions are more likely to contain

discriminative features. If the VLM is uncertain (as detected by MQCD), it is typically

because the current viewpoint does not reveal the features necessary for semantic classification.

Viewpoints that reveal previously occluded object surfaces are therefore likely to provide the

discriminative information needed to resolve uncertainty.

Viewpoint Selection Objective. The optimal viewpoint balances expected uncertainty

reduction against navigation cost:

ξ∗ = argmax
ξ∈Ξcand

[
α · G(ξ,M3D)

maxξ′ G(ξ′,M3D)
− (1− α) · C(ξcurr, ξ)

maxξ′ C(ξcurr, ξ′)

]
(3.4.5)

where C(ξcurr, ξ) is the navigation cost (path length) from the current pose, and α ∈ [0, 1]

balances exploration efficiency against movement cost. In our experiments, we set α = 0.7 to

prioritize information gain while avoiding excessive navigation.

This geometric proxy is effective because semantic ambiguity in manipulation tasks typically

arises from geometric occlusion. A mug appears similar to a bowl when viewed from above; the

discriminative handle is geometrically occluded. A half-open door appears similar to a fully-

open door from a frontal view; the discriminative door edge is geometrically foreshortened.

By maximizing visibility of occluded regions, we maximize the probability of observing the

features that enable semantic discrimination. Our experimental results validate this approach:
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the entropy-based viewpoint selection achieves 90.8% uncertainty resolution while requiring

34% fewer viewpoints than random exploration.

3.5 Situation-Aware Replanning Mechanism

The third contribution of VAP-TAMP is a situation-aware replanning mechanism that

leverages VLM-based post-action verification to detect execution failures and environmental

changes, initiating PDDL-based recovery planning.

After executing action ai, the system captures observation opost and verifies the expected

effects Eff(ai) using MQCD.

We define a Situation S as a discrepancy between the symbolic state si and the observed

world ŝi:

S ⇐⇒ ∃p ∈ Eff(ai) s.t. V (opost, p) = False (3.5.1)

When a situation S is detected (e.g., “Grasp Failed”), the situation-aware replanning mecha-

nism halt Execution to prevent error propagation; The VLM classifies the error type (e.g.,

Object Missing vs. Execution Error) to inform recovery strategy; then the symbolic state is

updated using update function U :

supdated = U(si−1, opost) (3.5.2)

Then PDDL planner is invoked to generate a recovery plan πrec = Plan(supdated, g) that

bridges the gap between the failure state and the goal.

This mechanism enables the robot to adapt to dynamic environments and recover from
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execution failures that would be catastrophic for open-loop systems. The replanning latency

is minimal (approximately 2.3 seconds in our experiments), as VAP-TAMP maintains valid

plan prefixes and only replans from the current state rather than from scratch.
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Chapter 4

Experiments

We conduct extensive real-world experiments to validate VAP-TAMP and test three key

hypotheses:

H1: Uncertainty-driven active perception improves task success over passive single-view

approaches.

H2: VAP-TAMP outperforms state-of-the-art open-vocabulary mobile manipulation

systems by explicitly quantifying and resolving perceptual uncertainty.

H3: The time completion efficiency overhead of active perception is justified by relia-

bility gains in real-world deployment.

4.1 Experimental Setup

Robot Platform

The system is deployed on a custom mobile manipulator comprising a differential drive

Segway RMP base and a 6-DOF UR5e manipulator arm equipped with a Robotiq 2F-85
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parallel-jaw gripper. Perception is provided by an Intel RealSense D435i RGB-D camera

mounted in front of the robot and a Robotiq camera mounted on the wrist. The software

stack runs on ROS Noetic, utilizing the MoveBase navigation stack with AMCL localization

and MoveIt! for manipulation planning. Visual reasoning is powered by Gemini 2.0 Flash

(accessed via API) for high-level semantic verification.

Figure 4.1: Segway RMP 110 with a UR5e manipulator arm

Environment

Experiments are conducted in a real-world indoor environment consisting of three distinct,

unmodified rooms: a functional Research Lab (Room 1), a naturally cluttered Teaching

Assistant Area (Room 2), and a Conference Room (Room 3). Unlike semi-structured testbeds,
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these spaces contain real-world clutter, variable furniture arrangements, and dynamic lighting

conditions, providing a rigorous test for autonomous operation. The environment was not

modified between trials except for task-specific object placement.

Task Suite

We design three tasks that systematically test the core capabilities of VAP-TAMP: active

perception under occlusion, replanning under disturbance, and safety-critical state verification.

Each task is executed 25 times per method (N=75 total trials per method), with object

positions randomized within designated zones.

Table 4.1: Task suite specification. Each task targets a specific system capability while
requiring multi-room navigation and manipulation.

Task Name Description Plan Length Rooms
Cup Collection Navigate to Room 2, locate a cup

among similar objects, grasp it, and
deliver to Room 1.

6 2

Cutting Lemon Grasp a knife from a counter, cut a
lemon on a plate, detect if a half falls
off, and recover the fallen piece.

7 1

Store Firewood Navigate toward Room 3, verify door
state from multiple viewpoints, request
help if blocked, then proceed.

8 2

Task 1: Cup Collection. The robot must navigate from Room 1 to Room 2, locate an

object that can be used to drink water, and retrieve it to a designated delivery location.

The target mug is placed with a visually similar bowl (matching color and approximate

shape) adjacent to it, requiring the robot to semantically disambiguate which object affords

drinking. This task directly evaluates MQCD’s ability to detect perceptual ambiguity and

the entropy-based viewpoint selection mechanism’s ability to resolve it through viewpoint

exploration.

Task 2: Cutting Lemon. The robot must locate a knife on a counter in Room 1, grasp the
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(a) 3D reconstruction from the robot’s semantic mapping system.

(b) 2D occupancy map used for navigation. The robot must traverse between rooms to

complete multi-stage manipulation tasks.

Figure 4.2: Experimental environment overview. (a) 3D semantic map (b) Corresponding
2D occupancy grid used for navigation planning.
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knife, navigate to the table where a lemon is placed on a plate, and perform a cutting action

to halve the lemon. In 80% of trials, an adversarial human actor displaces the lemon to a

different location during the robot’s transit phase. This task evaluates the situation-aware

replanning mechanism’s ability to identify state mismatches between expected and observed

post-conditions and generate recovery plans.

Task 3: Store Firewood. The robot must navigate from Room 2 toward Room 3 and

verify whether a door is safe to traverse. Door states include: fully open (safe), half-open

(unsafe leading to collision risk), and closed. The robot must achieve high-confidence state

assessment before proceeding, as incorrect classification leads to either collision (false positive)

or unnecessary replanning (false negative). This task evaluates MQCD and multi-viewpoint

verification in a safety-critical context where single-view errors have significant consequences.

4.2 Baselines and Comparisons

We compare VAP-TAMP against a state-of-the-art open-vocabulary mobile manipulation

system and conduct ablation studies to validate internal components.

State-of-the-Art Baseline

OK-Robot [4]: A recent open-knowledge mobile manipulation system that combines

language-driven navigation with learned grasping. OK-Robot represents the current state-

of-the-art in open-vocabulary mobile manipulation, demonstrating impressive zero-shot

generalization to novel objects and environments. The system uses CLIP-based semantic

search over a pre-built scene memory to locate objects specified by natural language queries

and executes grasps using the AnyGrasp network.
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We adapt the authors’ released codebase to our robot platform by replacing the Hello Robot

Stretch primitives with equivalent UR5e motion commands and integrating our MoveBase

navigation stack. The adaptation preserves OK-Robot’s core architecture: (1) an initial

scanning phase builds a semantic point cloud memory by associating CLIP embeddings with

3D positions, (2) at query time, the system retrieves the highest-similarity location for the

target object, and (3) the robot navigates to the retrieved location and executes an open-loop

grasp.

Implementation Details: OK-Robot was provided access to the same navigation infrastruc-

ture and manipulation primitives as VAP-TAMP to ensure fair comparison. Both systems

use identical RGB-D sensors and operate in the same environment. The key architectural

difference is in uncertainty handling: OK-Robot proceeds with its best single-shot estimate

from the scene memory, while VAP-TAMP explicitly quantifies uncertainty via MQCD and

triggers active perception when confidence is insufficient.

Ablation Variants

To isolate the contribution of each VAP-TAMP component, we evaluate the following ablated

systems:

• VAP-TAMP-NoAP (No Active Perception): The complete system with the active

perception loop disabled. When the MQCD score falls below threshold τunc, the system

proceeds with majority voting over current observations rather than navigating to new

viewpoints. This ablation quantifies the value of uncertainty-driven exploration.

• VAP-TAMP-NoReplan: Active perception is fully enabled, but the situation-aware

replanning mechanism is disabled. Upon detecting a situation S (mismatch between

expected and observed state), the system terminates and reports failure rather than
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generating a recovery plan. This ablation isolates the contribution of closed-loop

replanning.

• VAP-TAMP-Random: Active perception is enabled, but viewpoint selection is

uniformly random over the candidate set Ξcand rather than ranked by the entropy-

based selection mechanism. This ablation validates that principled viewpoint selection

provides meaningful improvement over naive exploration.

Additional Baselines

• Open-Loop: Executes the initial PDDL plan without visual feedback or state verifica-

tion. Upon any execution anomaly, the system continues blindly. This establishes a

lower bound on performance and quantifies the cost of ignoring perceptual feedback.

• Heuristic Recovery: This baseline, inspired by frontier-based exploration strate-

gies [62], represents a non-semantic approach to active perception. Upon detecting

failure or uncertainty, the robot cycles through a fixed sequence of predefined viewpoints

(rotate ±45, tilt camera ±15) without semantic guidance.

4.3 Evaluation Metrics

We report the following metrics to comprehensively evaluate system performance:

• Task Success Rate (SR): Percentage of trials where the goal condition is achieved within

240-second timeout.

• Execution Time: Time from task initiation to completion, reported for successful trials

only.
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• Active Perception Triggers (APT): Number of times the active perception loop was

invoked per task, indicating how often MQCD detected uncertainty exceeding threshold

τunc.

• Viewpoints Explored (VE): Average number of viewpoints visited before reaching

confidence threshold τconf , measuring exploration efficiency.

• Replanning Events (RE): Number of times the PDDL planner was invoked for recovery

after situation detection.

• MQCD Resolution Rate: Percentage of uncertain queries (initial MQCD score < τunc)

that were successfully resolved to confident states (MQCD score ⩾ τconf ) through active

perception.

4.4 Results and Analysis

Overall Performance Comparison

Table 4.2 presents the primary experimental results. VAP-TAMP achieves an overall success

rate of 89.3%, significantly outperforming OK-Robot (62.7%) across all three tasks.

Hypothesis Evaluation

H1: Active perception improves task success over passive approaches.

We evaluate this hypothesis by comparing VAP-TAMP against VAP-TAMP-NoAP and

OK-Robot, both of which lack active perception capabilities. VAP-TAMP achieves 89.3%

overall success compared to 62.7% for both VAP-TAMP-NoAP and OK-Robot. The gap is
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Table 4.2: Task success rates (%) and execution metrics across methods. Results averaged over
25 trials per task (N=75 per method). Bold indicates best performance; underline indicates
second-best. Statistical significance (p < 0.05, paired t-test with Bonferroni correction) versus
VAP-TAMP is marked with *.

Method T1 T2 T3 Overall Avg Time (s)
VAP-TAMP (Ours) 92 84 92 89.3 178.4± 24.3
Baseline
OK-Robot 68* 52* 68* 62.7* 134.2± 18.7
Ablations
VAP-TAMP-NoAP 64* 56* 68* 62.7* 141.8± 19.2
VAP-TAMP-NoReplan 88 24* 80* 64.0* 152.3± 22.1
VAP-TAMP-Random 80* 76 84 80.0* 196.7± 31.5
Additional Baselines
Heuristic Recovery 72* 56* 76* 68.0* 203.4± 38.2
Open-Loop 40* 12* 48* 33.3* 94.6± 14.8

most pronounced in Task 1 (Cup Collection), where semantic disambiguation is critical: VAP-

TAMP achieves 92% success versus 64% for VAP-TAMP-NoAP. OK-Robot’s CLIP-based

retrieval confused the visually similar bowl for the target mug in 8 of 25 trials, while MQCD

detected ambiguity (average initial MQCD score of 0.47 in occluded trials) and triggered

viewpoint exploration, successfully disambiguating in 95% of uncertain cases. H1 is supported.

Active perception provides statistically significant improvements over passive single-view

approaches across all tasks.

H2: VAP-TAMP outperforms state-of-the-art systems through explicit uncer-

tainty handling.

We evaluate this hypothesis by analyzing OK-Robot’s failure modes and comparing architec-

tural differences. Table 4.3 categorizes OK-Robot’s 28 failures across 75 trials. The dominant

failure mode (66.7%) is visual ambiguity—cases where CLIP embeddings for the target and

distractor objects were too similar to distinguish. OK-Robot provides no mechanism to

detect this ambiguity or seek additional information. In contrast, MQCD identifies unreliable

perceptions before committing to actions.
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Table 4.3: OK-Robot failure mode analysis across all tasks (28 failures out of 75 trials).

Failure Category Count % Description
Visual Ambiguity 12 66.7% Selected incorrect object

due to similar CLIP embed-
dings

No Uncertainty Signal 4 22.2% No mechanism to detect un-
reliable perception

Manipulation Error 2 11.1% Unrelated to perception

H2 is supported. MQCD addresses the primary failure mode of state-of-the-art systems by

providing an explicit uncertainty signal.

H3: The time completion efficiency overhead of active perception is justified by

reliability gains.

We evaluate this hypothesis by comparing execution time against success rate improvements.

VAP-TAMP’s average execution time (178.4s) is 33% longer than OK-Robot (134.2s), reflect-

ing the overhead of MQCD queries and viewpoint exploration. However, OK-Robot’s 62.7%

success rate means 37.3% of trials fail entirely. In practical deployment, the cost of a failed

task (re-attempt, human intervention, or abandonment) far exceeds the 44-second overhead

of active perception. Furthermore, VAP-TAMP-Random (196.7s) is slower than VAP-TAMP

despite lower success (80.0%), demonstrating that entropy-based viewpoint selection improves

both efficiency and reliability. H3 is supported. The time completion efficiency overhead is

modest relative to reliability gains, and principled viewpoint selection minimizes unnecessary

exploration.

Task-Specific Analysis

Task 1 (Cup Collection): VAP-TAMP achieves 92% success compared to OK-Robot’s

68%. The performance gap reflects the value of MQCD for detecting semantic ambiguity and

entropy-based viewpoint selection for resolving it. The bowl’s round shape and similar color
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yielded CLIP similarity scores within 0.03 of the mug in 56% of trials. VAP-TAMP-Random

achieves 80% success, demonstrating that even undirected exploration provides value, but

entropy-based viewpoint selection yields an additional 12 percentage point improvement.

Task 2 (Cutting Lemon): This task most dramatically differentiates the methods. VAP-

TAMP achieves 84% success while OK-Robot achieves 52%. OK-Robot lacks mechanisms

to detect object displacement during transit. VAP-TAMP’s situation-aware replanning

mechanism detects the state mismatch and triggers recovery planning. The 60 percentage

point gap between VAP-TAMP (84%) and VAP-TAMP-NoReplan (24%) provides clear

evidence that closed-loop replanning is critical for robustness to environmental perturbations.

Task 3 (Store Firewood): VAP-TAMP achieves 92% success compared to 68% for OK-

Robot. Single-view perception proved unreliable for distinguishing half-open doors from

fully open ones. The Open-Loop baseline attempted to traverse half-open doors in 52%

of such trials, resulting in collisions. VAP-TAMP’s multi-viewpoint consensus, guided by

MQCD, aggregated assessments from an average of 2.3 viewpoints, successfully differentiating

ambiguous door states.

Active Perception Efficiency

We analyze whether the entropy-based semantic viewpoint selection mechanism achieves

efficient uncertainty resolution. Table 4.4 presents active perception statistics across tasks.

Table 4.4: Active perception statistics for VAP-TAMP across tasks. APT = Active Perception
Triggers per task; VE = Viewpoints Explored per trigger; Resolution = percentage of uncertain
queries resolved to confident state.

Task APT VE Resolution Time (s)
T1 (Cup Collection) 1.7± 0.6 2.1± 0.7 91.2% 19.4± 6.8
T2 (Cutting Lemon) 1.2± 0.8 1.8± 0.9 87.5% 16.2± 7.1
T3 (Store Firewood) 1.4± 0.5 2.3± 0.6 93.8% 21.7± 5.9
Overall 1.4± 0.7 2.1± 0.8 90.8% 19.1± 6.8

39



The data support three conclusions regarding active perception efficiency:

Adaptive triggering: MQCD triggers active perception appropriately based on task uncertainty.

Task 1 triggers most frequently (1.7 times per task) due to designed visual ambiguity, while

Task 2 triggers less frequently (1.2 times) because the primary challenge is state change

detection rather than initial perception.

Rapid convergence: Figure 4.3 shows that 68% of uncertain queries resolve after a single

additional viewpoint, and 91% resolve within 3 viewpoints. This validates both the efficiency

of entropy-based semantic viewpoint selection and the practical feasibility of active perception

within reasonable time budgets.

Efficiency over random exploration: Comparing VAP-TAMP to VAP-TAMP-Random,

entropy-based selection requires an average of 2.1 viewpoints compared to 3.2 for random

selection which is a 34% reduction. This efficiency gain translates to 18.3 seconds saved per

active perception episode.

MQCD Reliability

Figure 4.4 evaluates whether MQCD reliably identifies genuine uncertainty. Low MQCD

scores (< 0.5) correspond to 58% VLM error rate, while high scores (> 0.8) correspond to only

7% error rate. This strong correlation validates MQCD as a reliable uncertainty detector that

appropriately triggers active perception when needed while avoiding unnecessary exploration

when confidence is already high.
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Figure 4.3: Cumulative uncertainty resolution rate versus number of viewpoints explored.
VAP-TAMP (entropy-based semantic viewpoint selection) converges faster than VAP-TAMP-
Random, requiring 34% fewer viewpoints on average to achieve 90% resolution.
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Figure 4.4: Relationship between MQCD score and VLM response correctness. Lower MQCD
scores correlate strongly with higher error rates, validating MQCD as a reliable uncertainty
detector. The threshold τunc = 0.6 (dashed line) balances false positives and false negatives.
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Replanning Efficacy

Table 4.5 analyzes the contribution of the situation-aware replanning mechanism, focusing on

Task 2 where disturbances are explicitly introduced.

Table 4.5: Replanning statistics for Task T2 (Cutting Lemon with Disturbance).

Metric Value
Trials with Object Displacement 20 / 25 (80%)
Displacement Detected by VAP-TAMP 19 / 20 (95%)
Successful Recovery after Detection 16 / 19 (84.2%)
Replanning Latency 2.3± 0.9 s
Average Recovery Plan Length 3.2± 1.1 actions

VAP-TAMP successfully detects 95% of object displacements through post-action verification

and recovers from 84.2% of detected failures. Recovery failures occur when the displaced

object is moved outside the robot’s reachable workspace (2 cases) or the recovery plan

encounters a secondary manipulation failure (1 case). The replanning latency of 2.3 seconds

is negligible compared to total task time, validating that the situation-aware replanning

mechanism adds minimal time completion efficiency overhead.

Time Completion Efficiency

Table 4.6 provides a detailed breakdown of time completion efficiency for VAP-TAMP.

The dominant cost in active perception is physical navigation (64.9%), followed by VLM

inference for MQCD computation (22.2%). The time comletion efficiency overhead of

viewpoint generation and entropy-based selection is negligible (<1% combined). This validates

that principled viewpoint selection adds minimal cost over random selection while providing

substantial performance gains.

43



Table 4.6: Per-component latency breakdown for VAP-TAMP. Percentages reflect contribution
to total active perception episode time.

Component Latency (ms) % of Episode
Single VLM Query 847± 123 —
MQCD Ensemble (5 queries) 4, 235± 615 22.2%
Viewpoint Candidate Generation 34± 8 0.2%
Entropy-Based Selection 89± 22 0.5%
Navigation to New Viewpoint 12, 400± 3, 200 64.9%
Observation and Update 156± 41 0.8%
PDDL Replanning 245± 89 1.3%
Total per AP Episode ∼19,100 100%

Failure Analysis

We categorize all failures across 75 VAP-TAMP trials to identify remaining system bottlenecks.

Table 4.7: Failure mode categorization for VAP-TAMP (8 failures out of 75 trials).

Failure Category Count % Example
Manipulation Failure 4 50% Gripper slip on smooth sur-

face
Navigation Failure 1 12.5% AMCL localization drift
Unresolved Perception 2 25% MQCD threshold not

reached
VLM Hallucination 1 12.5% High MQCD score but in-

correct response

The majority of VAP-TAMP failures (62.5%) stem from low-level execution issues (manipula-

tion and navigation) rather than perception or planning errors. This distribution contrasts

with OK-Robot, where 88.9% of failures are perception-related. VAP-TAMP has substan-

tially addressed the perception-planning gap, shifting the failure bottleneck to manipulation

primitives where future improvements should focus.

Perception Failure Analysis: The two unresolved perception cases occurred when target ob-

jects were occluded from all reachable viewpoints. The single VLM hallucination case—where

MQCD indicated high confidence (score of 0.84) but the response was incorrect—highlights a

fundamental limitation: MQCD measures response consistency, not ground-truth accuracy.
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Adversarial or systematically misleading visual contexts can fool both the VLM and MQCD.

Qualitative Results

Figure 4.5 illustrates VAP-TAMP’s complete execution pipeline on a challenging trial from

Task 2 involving human disturbance.
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(a) Navigate and Pick: Robot retrieves the knife. (b) Action Execution: Robot cuts the lemon.

(c) Adversarial Disturbance: Human creates a
situation by moving half of lemon.

(d) Robot detects a situation and trigger active
perception.

(e) Recovery Grasping: Robot retrieves the fallen
half.

(f) Robot places the half lemon to the plate
where other half is.

Figure 4.5: Sequential demonstration of the ”Cutting Lemon” task with handling of unex-
pected disturbances. The robot (a-b) performs the nominal plan, (c) encounters a human-
induced disturbance, (d) triggers active perception to update its state, and (e-f) executes a
recovery plan to complete the task.
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Chapter 5

Conclusion

5.1 Conclusion

This thesis began with a simple observation, Vision-Language Models have transformed

what robots can perceive, yet current systems treat these powerful models as infallible

oracles, queried once, trusted implicitly, and never questioned. When VLMs fail in cluttered

scenes, under occlusion, or in dynamic environments, these failures propagate silently through

planning and execution, resulting in brittle autonomy that collapses precisely when robustness

matters most. We argued that closing this perception-action gap requires a fundamental shift:

from passive, single-shot perception to active, uncertainty-aware perception-action loops.

VAP-TAMP instantiates this paradigm shift through three tightly integrated contributions.

The Multi-Query Consistency based Uncertainty Detector (MQCD) transforms VLM un-

certainty from a hidden liability into an actionable signal by probing response consistency

across semantically equivalent queries. When the MQCD score falls below threshold, the

system recognizes that it doesn’t know and acts accordingly. The entropy-based semantic

viewpoint selection mechanism then resolves detected uncertainty through principled view-

point exploration, navigating to camera poses that maximize expected reduction in VLM
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belief entropy rather than searching exhaustively. Finally, the situation-aware replanning

mechanism closes the loop by continuously verifying that actions achieve their intended

effects, detecting environmental changes and execution failures, and generating symbolic

recovery plans that adapt rather than abandon.

Our experimental evaluation demonstrates that this integrated approach yields substantial,

statistically significant improvements over the state-of-the-art baseline. VAP-TAMP achieves

89.3% overall success across three challenging tasks(object retrieval under occlusion or semantic

ambiguity, multi stage manipulation with adversarial disturbance, and safety-critical state

verification), compared to 62.7% for OK-Robot, a 26.6 percentage point improvement. The

ablation studies reveal that each component is essential: removing active perception reduces

performance to OK-Robot levels, while removing the situation-aware replanning mechanism

causes catastrophic failure on disturbance tasks (84% to 24%). Perhaps most importantly,

90.8% of uncertain perceptions are successfully resolved through active exploration, and

entropy-based semantic viewpoint selection requires 34% fewer observations than random

search. These results validate our core thesis hypoyhesis, explicitly quantifying and actively

resolving VLM uncertainty is not merely beneficial—it is essential for deploying autonomous

robots in unstructured, human-centric environments.

5.2 Limitations

Despite these advances, VAP-TAMP has limitations that warrant honest discussion. MQCD

measures response consistency, not ground-truth accuracy. When VLMs fail systematically(

confidently producing the same incorrect answer across multiple queries), MQCD cannot

detect the error. Our single VLM hallucination failure (MQCD score of 0.84, incorrect

response) illustrates this fundamental limitation. Adversarial or systematically misleading

visual contexts can fool both the VLM and the consistency check.
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The computational overhead of active perception, while justified by reliability gains, may be

prohibitive for time-critical applications. VAP-TAMP’s average task completion time (178.4

seconds) is 89% longer than open-loop execution, with navigation to new viewpoints domi-

nating the cost (64.9% of active perception time). For applications requiring rapid response

emergency assistance, time sensitive manufacturing, this trade off may be unacceptable.

The majority of VAP-TAMP failures (62.5%) stem from low level manipulation and navigation

errors rather than perception or planning. Gripper slippage, localization drift, and inverse

kinematics failures represent bottlenecks that active perception cannot address. Future

systems must integrate tactile feedback, compliant control, and robust localization to achieve

the reliability required for widespread deployment.

5.3 Future Directions

Several promising research directions emerge from this work. MQCD could be extended

beyond consistency to incorporate calibrated confidence estimation, potentially through

fine-tuning VLMs to produce reliable uncertainty scores or through Bayesian approaches

that model epistemic uncertainty explicitly. Integrating MQCD with ensemble methods or

conformal prediction could provide statistical guarantees on uncertainty quantification that

our current heuristic approach lacks.

The entropy-based semantic viewpoint selection mechanism currently operates reactively,

triggering exploration only after MQCD detects uncertainty. A natural extension is predictive

active perception: anticipating which observations will be informative before committing to

actions, and planning trajectories that simultaneously achieve task goals and gather disam-

biguating information. This would transform active perception from a recovery mechanism

into a proactive planning objective.
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The situation-aware replanning mechanism currently operates at the symbolic level, regen-

erating PDDL plans when failures are detected. Tighter integration with motion planning,

reasoning about geometric constraints, alternative grasp poses, and manipulation recovery

strategies, could enable more sophisticated failure recovery. Learning from failure experiences

to improve future performance represents another compelling direction.
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Chapter 6

Appendix

This appendix lists the system prompts used by the VAP-TAMP framework for Manipulation,

Situation Detection, Navigation, and Task Planning.

6.1 Manipulation Prompts

Grasp Information Assessment

1 You are a robot vision system determining if the current view provides

SUFFICIENT INFORMATION FOR GRASPING a {object_name }.

2 IMPORTANT: The question is whether you have enough information about its

graspable features to execute a successful grasp.

3 For a successful grasp , you need to understand:

4 1. The object ’s 3D shape and structure

5 2. Where to grasp (handle , body , edges , etc.)

6 3. The object ’s orientation

7 4. Potential grasp points and their accessibility

8 Current view: You are looking at the {object_name} from the FRONT.

Listing 6.1: Grasp Information Assessment Prompt
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Intelligent Movement Suggestion

1 You are VAP -TAMP robot vision system with active perception. Previous

assessment: missing information - {initial_reason }.

2 Your task: Decide which camera movement will give the BEST information for

grasping.

3 REASON: [Describe the visual clue and why this movement helps]

Listing 6.2: Intelligent Movement Suggestion Prompt

6.2 Situation Detection Prompts

Lemon Halving Verification

1 You are VAP -TAMP vision system. Determine if the lemon has been

successfully CUT IN HALF.

2 Respond EXACTLY:

3 HALVED: [YES/NO/UNCLEAR]

4 NEED_VIEW: [Action to take]

5 REASON: [Explain what you see]

Listing 6.3: Lemon Halving Verification Prompt

Plate Status Check

1 You are VAP -TAMP vision system. Determine if BOTH HALVES of the halved

lemon are ON THE PLATE.

2 Respond EXACTLY:

3 BOTH_ON_PLATE: [YES/NO/UNCLEAR]
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4 REASON: [Explain what you see]

Listing 6.4: Plate Status Check Prompt

6.3 Navigation Prompts

Natural Language to VAP-TAMP Robot Actions

1 Given a user command , reply ONLY with concise , syntactically correct Python

code for VAP -TAMP robot.

2 Always wrap in execute_task(function).

3 Just output the code inside execute_task , nothing else.

4 Use available VAP -TAMP functions creatively and correctly.

Listing 6.5: Natural Language to VAP-TAMP Actions Prompt

Task Planning Prompts

1 You are an intelligent embodied agent that can plan a series of actions.

2 You will be given information about the environment and you must respond

3 with an action plan.

4 INPUT: the information about the environment will include images , scene

5 descriptions , and a query:

6 1. Images: a set of images that have been captured in the environment.

7 Each image is a view of an object instance.

8 2. Scene descriptions: a natural language description about spatial

9 relationships among the images (object instances) being captured.

10 3. Query: a user query that your action plan must fulfill.
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Listing 6.6: Object-Centric Planning Prompt
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