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Abstract

Artificial intelligence is now pervasive in our daily lives, from conversational agents

and creative content generation to protein structure prediction and autonomous

vehicles. As AI systems become increasingly integrated into the physical world, em-

bodied AI, where intelligence is coupled with sensors and actuators to interact with

the environment, has emerged as a key frontier, often regarded as the next industrial

revolution with significant societal and economic impact. Despite impressive results,

embodied agents are typically trained and evaluated under ideal benchmark settings,

assuming perfect perception, clearly specified goals, or error-free, unambiguous

language instruction. Yet, such assumptions rarely hold in real-world settings, where

out-of-distribution conditions may occur and humans often provide underspecified or

erroneous input. This thesis addresses these challenges by enhancing the robustness

of embodied agents through active perception and human–robot interaction.

To address sensor unreliability, we consider the problem of Active Visual Search

(AVS), where the agent is tasked to find a specific object in an environment. In

this setting, small objects, motion blur, low resolution, partial views, and heavy

occlusions severely degrade both detection quality and planning accuracy. To

this end, we present POMP-BE-PD [116], an unsupervised Monte-Carlo POMDP

planner that explicitly models the uncertainty inherent in object detection to optimize

the agent behavior. Specifically, the agent maintains a probability distribution on a

2D floor map, and incorporates the awareness that an object detector may fail into

the aforementioned probability.

For the instruction robustness, we consider the fact that human instructions may

be: (i) inaccurate or even prone to error, due to bad memory or cognitive/perceptual

impairments; and (ii) ambiguous, as users may not be able or willing to supply

all details of the task in advance. To this end, in [118] we first propose a novel

task and benchmark of Detection and Localization of Instruction Errors, in which
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different types of errors are injected into textual instructions. Moreover, we propose

Instruction Error Detection & Localizer (IEDL) [118], a method to detect and

localize errors within a sub-sentence distance on the original instruction. We extend

this method in I2EDL [117], enabling agents to query users for clarification while

minimizing their cognitive burden.

Finally, to handle instruction ambiguity, we introduce the Collaborative In-

stance object Navigation (CoIN) task [119], a new task setting where the agent

actively resolves uncertainties about the target instance during navigation in natural,

template-free, open-ended dialogues with humans. Our proposed agent, Agent-

user Interaction with UncerTainty Awareness (AIUTA), leverages large Vision-and-

Language models to reason about uncertainty and engage in efficient human-agent

interaction.
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Chapter 1

Introduction

Artificial Intelligence (AI) is now deeply woven into our everyday life, from chat-

bots and personal assistants [92, 37, 122], to autonomous driving [137], protein

structure prediction [1], and medical diagnosis systems [128, 82]. These systems

have demonstrated remarkable capabilities across a range of tasks traditionally re-

served for human experts, thanks to the rapid progress in large-scale datasets and

models, multimodal learning, and data-driven architectures. Yet, we are still in

the early days of a new industrial revolution, where AI systems are increasingly

transitioning from static, digital domains into the physical world. In this context,

embodied agents, equipped with sensors and actuators, perceive, reason, and interact

with their surrounding environment, becoming the foundation for future industrial

automation, logistics, elderly care, and household personal assistance. Embodied AI

refers to the study and development of such agents operating in physical or simulated

environments. Unlike traditional AI systems that rely on static datasets, embodied

agents must process sensory input (from both the environment and humans), make

sequential decisions, and act in real time while continuously adapting to environ-

ment feedback, as illustrated in Fig. 1.1. This paradigm requires the integration of

perception (i.e., accurate understanding of the environment), language understanding

(as natural language is the intuitive way of human-agent communication), planning

(to determine not only the next action but also long-term strategies), and control

(to translate high-level actions into low-level ones) in order to perform physically

grounded tasks such as navigation, object manipulation, and interactive instruction

following. The economic implications of this shift are expected to be substantial.
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sources are largely overlooked in current benchmarks, which assume perfect percep-

tion and unambiguous instructions. Both sources of uncertainty must be addressed

for embodied agents to operate reliably in uncontrolled environments. We now

motivate each in turn.

Motivation for agent robustness via sensor unreliability. When deployed in a real

home and asked to “find a tea cup on the table", an agent must deal with unexpected

challenges such as occlusion, motion blur, low resolution, and partial views. These

conditions degrade the performance of object detectors, models commonly used to

localize household items. Yet, such challenges are rarely accounted for in simulation-

based training. As a result, agents trained in simulation may fail to generalize when

exposed to the noise and uncertainty of real-world sensory input, which can account

for small to large, out-of-distribution objects.

Motivation for agent robustness via instruction understanding. Task ambiguity

is also largely ignored in current benchmark settings. For instance, if a user requests

“find a tea cup on the table", what should the agent do if there are multiple tea-cups

on the table? What if there are several tables, each with a tea cup on it? Or what

if the user implicitly refers to “their" specific tea cup, relying on shared context

the agent doesn’t possess? Now consider navigation instructions such as “Exit the

bathroom and go left, then turn left at the big clock and go into the bedroom. Wait

next to the bed for further instructions". In existing benchmarks, such instructions

are typically correct, complete, and specific. However, this is rarely the case in real-

world scenarios. People often give ambiguous or incomplete directions, based on

imperfect memory or assumptions about shared knowledge. Moreover, subjects with

cognitive or perceptual impairments may also provide inaccurate instructions, for

example, referencing landmarks that don’t exist or using wrong spatial relations [44].

1.1 Contributions

This thesis contributes to the development of robust embodied agents by addressing

challenges in sensor unreliability and imperfect human instructions. Accordingly,

we organize our contributions into two main lines of work:

Contributions on robustness to sensors’ unreliability.
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• POMP-BE-PD [116] (Section 3.2): We introduce POMP-BE-PD, an un-

supervised method for active visual object search (InstanceObjectNav) in

environments where only a 2D floor map is available. The approach enhances

robustness to sensor failures by explicitly modeling object detector unreliabil-

ity within the agent’s planning framework. Specifically: (i) the agent requires

no training phase; (ii) it maintains a probability distribution over the 2D map

throughout exploration; and (iii) the awareness that an object detector may

fail is incorporated into the probability distribution by exploiting the object

detector’s statistics.

We extensively evaluate our method, following the AVDB benchmark, achiev-

ing state-of-the-art results. Moreover, several ablation studies demonstrate

the strength of our POMP-BE-PD. On average over all the environments, we

increase the success rate by a significant 35% while decreasing the average

path length by 4% with respect to the previous formulation.

Project page at intelligolabs.github.io/unsupervised_active_visual_search.

Contributions on instruction robustness.

• IEDL [118] and I2EDL [117] (Section 4.1): For the first time, we introduce a

novel benchmark dataset that injects various types of instruction errors into the

VLN task (using Habitat-sim [105]), simulating common human mistakes (Sec-

tion 4.1.2). We show that state-of-the-art agents suffer significant performance

drops on this benchmark, highlighting a lack of robustness to imperfect input.

We then propose the Detection and Localization of Instruction Errors task and

Instruction Error Detection & Localizer (IEDL), a novel Instruction-Trajectory

compatibility transformer model that aligns natural language instructions with

agent observations to detect inconsistencies. Our proposed method, composed

of a detection and localization heads, can detect and localize errors within

a sub-sentence distance on the original instruction, showing better perfor-

mance than baselines. As a further experiment, we show how a pre-trained

IEDL can be used as a semi-automatic tool for potentially identifying error-

containing episodes, isolating 8 episodes with ground-truth annotation errors

in the validation set.

In follow-up work, we introduce Interactive Instruction Error Detection &

Localizer (I2EDL [117], Section 4.1.5), a model that detects instruction er-

https://intelligolabs.github.io/unsupervised_active_visual_search/
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rors and selectively triggers user-agent interaction. We also propose a new

metric that captures both navigation performance and the cost of interaction.

Compared to baselines, we show that our proposed I2EDL is generally more

effective in improving navigation performance when erroneous instructions

are given, while lowering the interaction load.

Project page at intelligolabs.github.io/R2RIE-CE.

• AIUTA [119] (Section 4.2): We introduce, for the first time, the Collaborative

Instance object Navigation (CoIN) task, a new InstanceObjectNav setting

where agents resolve ambiguity about the target object instance through natu-

ral, open-ended, template-free dialogues with humans during navigation. To

support this task, we release CoIN-Bench, a curated benchmark featuring chal-

lenging multi-instance scenarios. By simulating users with a Vision-Language

model (VLM), we show that it is possible to create a reproducible environment

for studying and researching human–agent collaboration. Additionally, we

propose Agent-user Interaction with UncerTainty Awareness (AIUTA), a novel

training-free method that leverages VLM and Large-Language models (LLMs)

for human-agent interaction reasoning. Through extensive experiments (using

Habitat-sim [105]), we show that existing trained methods fail to generalize to

unseen categories, while our training-free AIUTA, using a novel self-dialogue

mechanism and uncertainty estimation, achieves strong performance across all

validation splits. Moreover, our simulated user-agent interaction is in line with

human evaluation, enabling scalable and reproducible experiments.

Project page at intelligolabs.github.io/CoIN.

1.2 Outline

The remainder of this thesis is organized as follows, progressing from foundational

concepts to our two main contributions on agent robustness.

Chapter 2 introduces the preliminaries and foundational concepts used through-

out this thesis. We begin by defining the core tasks of embodied AI addressed in this

work, namely Instance Object Navigation (InstanceObjectNav) and Vision-and-

Language Navigation (VLN). Next, we introduce the MDP/POMDP framework, a

strong mathematical formalism that allows us to model these tasks rigorously. Finally,

we provide background on vision-and-language alignment using Deep Learning ap-

https://intelligolabs.github.io/R2RIE-CE/
https://intelligolabs.github.io/CoIN/
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proaches, reviewing models and techniques that enable agents to ground language in

perception. These foundations provide the necessary background for understanding

the methods and formulations used in the subsequent chapters.

Building on these foundations, Chapter 3 addresses agent robustness in the

presence of sensor unreliability. In particular, we introduce POMP-BE-PD, an

unsupervised POMDP agent which incorporates the awareness of potential object

detector failures into the planning procedure.

While Chapter 3 focuses on internal uncertainty (sensor unreliability), Chapter 4

addresses the external source: instruction uncertainty. Specifically, in Section 4.1, we

study the impact of erroneous language instructions by introducing new benchmarks

that simulate human-like mistakes, along with a model capable of detecting and

localizing these errors within the instruction. Then, in Section 4.2, we focus on

ambiguous instructions, i.e., situations where users cannot or do not specify task

details fully. We introduce a benchmark for such under-specified inputs and propose

a model for uncertainty-aware, interactive human–agent reasoning.

Finally, Chapter 5 summarizes the main findings, discusses limitations, and

outlines open challenges and future directions for robust embodied AI. We also

reflect on the broader impact of this work for the computer vision and robotics

communities.

1.3 Publications

The following section lists the author’s publications. Articles included in this thesis

are shown in bold, while others are not part of the manuscript.

1. Francesco Taioli, Francesco Giuliari, Yiming Wang, Riccardo Berra, Alberto
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Chapter 2

Preliminaries

2.1 Embodied Tasks

Embodied AI has progressed rapidly, evolving from constrained, low-dimensional

inputs to increasingly general-purpose agents that can reason, interact, and under-

stand multiple modalities. Early work primarily focused on simple 3D navigation

tasks such as PointGoal Navigation (PointGoalNav), where agents are initialized at

a random position within a 3D environment, and tasked to reach a target position

relative to the agent position [105], without using any maps. In this task, agents

are typically equipped with an RGB-D, GPS, and compass sensors (i.e., they have

access to their location coordinates and relative position to the target goal). Notably,

with the development of Deep Reinforcement learning, distributed training and high-

throughput simulator (Habitat [105]), not only did [136] reach state-of-the-art results

and essentially solved the PointGoalNav task, but showed that the navigation policy

and scene understanding learned during the task can be transferred to other embodied

tasks, serving as a foundation.

As the field progressed, more realistic and complex tasks were introduced. One

such task is the Object-Goal navigation (ObjectNav), where agents must navigate

unseen 3D environments to locate any instance of a specified object category (e.g.,

“Find a plant” or “Find a sofa”). Being a challenging task, requiring spatial, semantic,

and object-level reasoning, ObjectNav was simplified by restricting the set of object

categories (i.e., to 6 in the HM3D [97] scene dataset and 21 in the MP3D [18]). How-

ever, ObjectNav is only loosely aligned with real-world needs, where humans often
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seek a specific instance of an object, not just any example of a category. To address

this, Ammirato et al. [3] introduced the Active Vision Dataset Benchmark (AVDB),

focusing on the Instance Object-Goal task (InstanceObjectNav), which requires

agents to find a particular instance of a target object. Specifically, AVDB contains

real indoor environment scans (in the form of RGB-D images) with 33 instances of

annotated real objects. On the following line of research, OVON [142] extended

ObjectNav to open-vocabulary settings, allowing agents to search for objects de-

scribed by categories not seen during training. Other research followed in the same

direction. For example, Krantz et al. [58] proposed the InstanceImageNav task,

where the target object is specified via an image. Most recently, GOAT-Bench [55]

unified multiple task formulations: category-based [142], detailed language-based

(InstanceObjectNav) or image-based (InstanceImageNav), in an open vocab-

ulary fashion. As language is the most intuitive way to interact with an agent, a

parallel line of research focuses on the Vision-and-Language Navigation [57] task

(VLN), with the challenging goal of autonomously guiding the agents toward a target

position by following a series of instructions, expressed in natural language, e.g.,

“Exit the kitchen, go to the door on your left end enter the bedroom. Then stop.”

2.2 Embodied Agents

An embodied agent aims to learn a policy π , i.e., a probability distribution over

actions given environment states. In the context of embodied navigation, the agent

operates in complex, partially structured environments and must make decisions

based on visual, spatial, and semantic inputs (e.g., RGB images, depth, lidar, instruc-

tion goal, etc). The navigation tasks introduced in Section 2.1, namely ObjectNav,

InstanceObjectNav, and VLN, can be naturally framed as Markov Decision Pro-

cesses (MDP) [12], a foundational model for solving sequential decision-making

problems in reinforcement learning.

Formally, an MDP is defined by a tuple ⟨S,A,R,T,γ⟩, where:

1. S is a finite set of observable states;

2. A is a finite set of actions;
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3. R : S×A→ R is the reward function, which assigns a scalar reward to each

state-action pair, representing the immediate reward gained after taking action

a in state s;

4. T : S×A→Π(S) is the state-transition model, mapping each state-action pair

to a probability distribution over next world states;

5. γ ∈ [0,1) is the discount factor.

In practice, the assumption that the agent has access to the full environment state

is often unrealistic. Instead, agents typically rely on partial sensory observations that

provide incomplete and noisy information. To address this, the MDP framework is

often extended to Partially Observable Markov Decision Processes (POMDPs) [50],

which is the standard formalism for modeling sequential decision processes under

uncertainty. A POMDP is a tuple ⟨S,A,R,T,O,Z,γ⟩, where

1. S,A,T,γ and R describe an MDP;

2. Z is a finite set of observations the agent can experience, and;

3. O : S×A→Π(Z) is the observation model; mapping each state-action pair to

a probability distribution over possible observation.

The partial observability of the environment state is modeled by maintaining, at each

time step t, a probability distribution over all possible states, referred to as the belief

B. With this formulation, the agent no longer conditions its policy on the true state,

but instead on its belief. POMPD solvers compute, in an exact or approximate way,

a policy function π : B→ A, which maps beliefs to actions. The agent’s objective is

to maximize the expected sum of discounted rewards,

E[
∞

∑
t=0

γ tR(st ,at)],

by selecting the optimal action at at each time step t, given the current state

st . The discount factor γ reduces the importance of future rewards and ensures

convergence of the sum.
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2.3 Vision and Language

Aligning vision and language representations (e.g., the semantic meaning of text

with images) is a long-standing problem that has been extensively studied over the

past decade, evolving through several distinct phases. Early work focused on image

captioning, where models learned to generate textual descriptions from images. A

notable work is the model by Vinyals et al. [130], which combines Convolutional

Neural Network (CNN [63]) for image encoding and Long Short-Term Memory

(LSTM) [41] for sequence generation. The development of transformers [129]

marked a significant shift toward unified vision–language representations. Models

such as ViLBERT [77] and LXMERT [120] introduced a cross-modal attention

mechanism, allowing the model to attend jointly to language and visual features, pro-

ducing a cross-modality representation. While these models improved generalization

across multiple tasks, they were typically trained on curated datasets and required

task-specific fine-tuning for each application.

A major breakthrough came with CLIP [96], which demonstrated that large-scale

pre-training on image-caption pairs (i.e., 400 million pairs) enables models to learn

state-of-the-art vision-language representation from scratch. Specifically, CLIP con-

sists of an image encoder and a language encoder trained using contrastive learning to

align their embeddings in a shared semantic space. Notably, CLIP supports zero-shot

transfer to a wide variety of downstream tasks, often achieving competitive or even

state-of-the-art performance without task-specific supervision. Its embedding have

since become a foundation for many vision-and-language applications, including

embodied AI [54, 115, 118, 117], image generation [99], anomaly detection [66]

and interpretation of medical images [125].

More recently, Vision-Language Models (VLMs), such as BLIP-2 [65], LLaVA [68,

69] and Qwen-2.5VL [9] have revolutionized the vision-language grounding tasks,

such as visual-question answering, visual recognition, document parsing, object

detection and even video understanding. These models achieve stronger multimodal

alignment, scale more effectively with data and model size [52], and often require

less task-specific tuning than earlier approaches [134]. VLMs extend the capabilities

of Large Language Models (LLMs) by integrating visual inputs into the language

generation process. A typical VLM architecture consists of three main components:
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1. A vision encoder (often CLIP or CLIP-like model, based on the ViT architec-

ture [27]), that converts an input image into a sequence of visual tokens.

2. A multimodal projector (often a two-layer multi-layer perceptron) that projects

the visual embedding into the same embedding space as the language model.

3. A pre-trained language model, which generates output text conditioned on the

visual and textual input (i.e., prompt).

More formally, we consider an auto-regressive VLM, where:

1. XI denotes the image representation (i.e., image tokens)

2. XP represents the prompt text tokens, and

3. XH refers to the history tokens generated at previous time steps (the model is

auto-regressive)

At each time step t, the VLM computes a conditional probability distribution p

over the vocabulary y ∈ Rw, expressed as:

pVLM(yt | XI,XP,XH).

While large-scale pre-training equips Vision–Language Models (VLMs) with gen-

eral multimodal understanding, post-training is crucial for aligning these models

with task-specific behavior and user intent. One of the most effective strategies is

instruction tuning, where VLMs are fine-tuned on curated datasets containing pairs

of inputs (e.g., images and prompts) and desired outputs (e.g., responses or captions)

that reflect human-preferred behavior [68, 92]. Together, vision-language models,

LLMs and VLMs have become central to advances in modern embodied AI systems.

In this thesis, these models enable agents to ground natural language instructions

and detect inconsistencies given an instruction (Section 4.1), and to perceive the

environments in detail while engaging in human-agent dialogues (Section 4.2).



Chapter 3

Agent Robustness via Sensor

Unreliability

Robustness to sensor unreliability is a fundamental requirement for embodied agents

operating in real-world environments. Indeed, in practice, the quality of visual obser-

vations is highly unpredictable, affected by objects in the far field, low-resolution

cameras, motion blur, occlusion, and partial views. These issues often lead to un-

reliable detections, including bot false positives and missed detections. During

exploration, such errors could lead to agents terminating the exploration prematurely

at an incorrect location, significantly reducing task success rates.

In this chapter, we address this challenge by proposing a sensor-aware agent

for Active Visual Search (AVS). Specifically, AVS requires an agent to locate a

specific target object in an unfamiliar environment, with only a 2D floor map as prior

knowledge, as shown in Fig. 3.1. Our proposed method, POMP-BE-PD, enhances

robustness to sensor failures by explicitly modeling object detector unreliability

within the agent’s planning framework.

3.1 Related Works

Tehre are two main research topics related to this work, which will be briefly sur-

veyed in the following.
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Fig. 3.1 An agent is initialized in a known environment with the task of visually searching
for a target object, i.e., to localize the object and approach it. (a) 3D reconstruction of the
environment; the agent has to navigate toward the target (yellow star) through the possible
shortest path (highlighted in green) while avoiding longer trajectories (in orange) without
missing entirely the target (in red). (b) Corresponding 2D grid map of the scene in our
POMCP modeling: blue dots are the possible object locations, purple crosses are the possible
robot poses.

Active Visual Search. Early approaches to Active Visual Search (AVS) explored

online reinforcement learning methods, where agents used current RGB-D obser-

vations and pose information to plan online their next actions [132, 35]. Other

methods leveraged spatial relationships between objects to constrain the search

space. For instance, intermediate objects like tables were used to infer likely loca-

tions for target objects such as chairs. Kunze et al. [62] proposed a probabilistic

framework where the presence of co-occurring objects increases the likelihood of

the target’s presence, offering a soft constraint to guide search behavior. With the

rise of deep learning, AVS has increasingly adopted Deep Reinforcement Learning

(DRL) methods [106, 140, 40], where visual embeddings guide the agent’s policy.

For example, Han et al. [40] introduced a Deep Q-Network (DQN) that takes CNN-

based RGB features and bounding box detections as input. However, their model

assumes the target is initially detectable. To address this limitation, Schmid et al.

[106] proposed EAT, a model that uses feature embeddings from both the current
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scene and a target candidate crop proposal to guide action selection. Similarly,

GAPLE [140] incorporates depth information alongside RGB features to enhance

policy learning. Despite its generalization claims, GAPLE’s performance depends

heavily on extensive training with synthetic environments, such as the House3D

simulator and the SUNCG dataset. This reliance on large-scale simulation is a

common drawback among DRL-based methods, including those that utilize A3C

algorithms [83], LSTM-based memory architectures [86], or transformers integrated

with deep Q-learning [29]. Some works have proposed explicitly disentangling

visual perception (e.g., attention on relevant regions) from navigation [98], thereby

improving task success rates. Others have introduced graph-based models, where

spatial relationships among objects are encoded via Graph Convolutional Networks

to guide navigation policy [104]. External commonsense knowledge has also shown

advantages for object localization via spatial graph [36]. In contrast to the works

discussed above, our agent performs efficient online planning without requiring any

training, explicitly incorporating scene knowledge into the planning process.

Monte Carlo Planning. Partially Observable Markov Decision Processes (POMDPs)

provide a foundational framework to model sequential decision-making in envi-

ronments where full observability is not guaranteed [50]. Since computing exact

solutions for non-trivial POMDPs is generally intractable, one of the most effective

approximation strategies is Monte Carlo Tree Search (MCTS) [124, 22, 14], which

is well-suited for large, uncertain domains due to its scalability and online nature. A

seminal application of MCTS to POMDPs is the Partially Observable Monte Carlo

Planning (POMCP) algorithm [110], which combines particle filtering for belief

representation, online Q-value estimation via MCTS, and an efficient belief update

mechanism. POMCP has inspired multiple extensions: BA-POMCP [53] introduces

adaptive learning of environment dynamics; Amato and Oliehoek [2] extend the

approach to multi-agent settings; and Lee et al. [64] address scenarios with cost

constraints. Further improvements incorporate domain knowledge or symbolic rea-

soning into the planning pipeline, e.g., leveraging known variable dependencies [16],

enforcing safety guarantees [17], or generating interpretable policies via Satisfiabil-

ity Modulo Theory (SMT) [80]. Earlier studies also explored probabilistic motion

planning under uncertainty. For instance, [113] addressed planning in static envi-

ronments, while [31] incorporated perception uncertainty and incompleteness into

motion planning frameworks. In contrast to prior work, the proposed method special-
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izes POMCP specifically for Active Visual Search (AVS). While prior approaches

such as POMP [132] and POMP++ [35] applied POMCP to AVS, they exhibit key

differences: POMP relies on standard belief updates and assumes perfect detection,

whereas POMP++ targets fully unknown environments. Our method, instead, fo-

cuses on sensor-aware planning in semi-known settings, explicitly modeling detector

unreliability and improving robustness without requiring any offline training.

3.2 POMP-BE-PD

In this Section, we present our proposed agent, POMP-BE-PD, which enables robust

navigation by incorporating object detector failure awareness directly into the plan-

ning process. Specifically, we substitute deterministic detections with a probabilistic

model, using Bayesian inference to maintain a distribution over all possible object

locations. Building on this, we introduce an improved belief update strategy that

increases planning efficiency in large state spaces, resulting in shorter overall path

lengths. Finally, we enhance the agent with a novel docking procedure that improves

reliability by leveraging the scene information accumulated during exploration.

Section Organization. We begin by describing the method in Section 3.2.1. We then

present experimental results and analysis in Section 3.2.2, followed by a conclusion

in Section 3.2.3.

3.2.1 Method

We consider a scenario in which an agent operates in a known environment, where

the only available prior information is a 2D floor map. The agent’s goal is to search

for and approach a specific object. To do so, it must actively explore the space, detect

the target, estimate its location on the map, and navigate toward it. The agent’s

pose at time step t is represented as pt = {xt ,yt ,θt} where x and y are the 2D spatial

coordinates and θ denotes the agent’s orientation. We depict the overall architecture

in Fig. 3.2.

At each step, the agent selects an action at from a fixed action set A=: {Forward,

Backward, Turn Left, Turn Right }. Rotations are executed with a fixed an-
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3.2.1.1 Partially Observable Markov Decision Processes

We model the Active Visual Search (AVS) task as a Partially Observable Markov

Decision Process (POMDP). A POMDP is defined by the tuple (S,A,O,T,Z,R,γ),

where:

• S is the set of partially observable states,

• A is the set of possible actions,

• Z is the set of possible observations,

• T : S×A→Π(S) is the state transition model,

• O: S×A→Π(Z) is the observation model,

• R: S×A→ R is the reward function, and

• γ ∈ [0,1) is the discount factor.

The agent’s objective is to maximize the expected sum of discounted rewards,

E[
∞

∑
t=0

γ tR(st ,at)],

by selecting the optimal action at at each time step t, given the current state

st . The discount factor γ reduces the importance of future rewards and ensures

convergence of the sum. Due to partial observability, the agent maintains a belief

distribution B over the state space, representing its uncertainty about the true state.

POMDP solvers aim to compute either exact or approximate solutions in the form of

a policy, defined as a function π: B→ A, which maps belief states to actions.

3.2.1.2 Partially Observable Monte Carlo Planning

POMCP [110] is an online solver for POMDPs that leverages Monte Carlo Tree

Search (MCTS) to approximate the optimal action at each decision step. Starting

from the agent’s current belief, represented as an unweighted particle filter, POMCP

performs multiple simulations to construct a search tree and estimate action Q-values.

The agent then executes the action associated with the highest estimated value. One
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of the key advantages of POMCP is its scalability to large state spaces. This is

achieved by generating only the portion of the policy relevant to the belief states

encountered during execution, rather than computing a full policy. Moreover, the

local policy approximation is computed online through simulations using a gener-

ative model M(s,a) that produces the next state and corresponding observation,

based on the environment’s transition and observation models. In the following, we

summarize the main phases of the POMCP algorithm.

Particle Initialization. The search tree begins with a root node representing an

empty history h (no actions or observations yet). The belief at the root is initialized

using a particle filter, where each particle corresponds to a randomly sampled hidden

state (e.g., a target object’s position), drawn from a uniform distribution over all

possible states.

Simulations and Statistics Update. For each time step t, POMCP performs a set

number of simulations starting from the current history h. A particle representing

a state s, is randomly sampled from the particle filter of node h, representing the

agent’s belief. A simulation trajectory then unfolds from s by selecting actions and

generating new states and observations using the modelM(s,a). Actions are chosen

using the UCT algorithm if the current history lies within the tree, or using a uniform

random policy otherwise. After all the simulation steps are performed, the total

accumulated reward is used to update statistics (i.e., visit counts and Q-values) for

all nodes traversed in the simulation passing through h.

Action Selection in the Environment. Once all simulation steps are complete, the

agent selects the action at the node h that has the highest estimated Q-value. This

action is then executed in the real environment.

Belief Update. After executing the selected action and receiving the resulting obser-

vation o, the agent moves to the next node h′ = hao in the tree. The belief is updated

by transferring particles from h to h′, and the rest of the tree is pruned.

Particle Reinvigoration. If the new node h′ does not contain enough particles (e.g.,

due to insufficient overlap with particles from h), new particles are generated. This
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is done via local perturbations of existing particles and a rejection sampling strategy

that ensures consistency with the belief in h′. These new particles must represent

states that are reachable from the previous belief given the action a and observation

o.

3.2.1.3 Exploration, Localization and Approach.

Components. Let n denote the number of distinct poses the agent can assume, m

the number of objects present, and k the number of candidate positions where each

object might be located. We can now describe each component in detail:

(i) The first component is a pose graph G, where each node represents a possible

agent pose (out of the n), and edges define valid transitions, i.e., an edge exists

if a pose can be reached from another via a single action. Graph G enforces the

movement constraints of the environment, restricting the agent from performing

infeasible transitions.

(ii) We then define the set H = {1, . . . ,k}, which enumerates all potential object

locations. Each index in H refers to a specific location in the environment

topology where the target object may be placed.

(iii) The third component is the observability matrix L = (li, j) ∈ 0,1n×k, where

li, j = 1 indicates that the object location j is visible from agent pose i. This

visibility is computed using a function fL based on the environment’s geometry,

agent field of view, and line-of-sight constraints, applied to the pose graph G

and candidate locationsH. The matrix L is used in the observation model used

in simulation: an observation of 1 is returned if the agent is at pose î ∈ G and

the target is located at ĵ ∈H such that lî, ĵ = 1.

Notably, in simulation, the position of the target is known (defined in the sampled

particle at the beginning of the simulation), making it possible to compute observa-

tions deterministically. Conversely, in the real world, the observations rely on an

object detector.

Both in simulation and in real execution, a positive reward is given when the

object is observed, and a negative reward is applied otherwise, accounting for en-

ergy or time spent on movement. To discourage repetitive exploration, the agent



22 Agent Robustness via Sensor Unreliability

maintains a memory of previously visited poses. Revisiting a pose results in a high

negative penalty. At every real-world step, the agent receives a binary observation

from the detector: 1 if the object is detected, and 0 otherwise. The agent’s belief

is represented as an approximate probability distribution over all candidate object

locations, encoding uncertainty in the target’s position and forming the hidden state

in POMCP. If the agent fails to detect the object after a predefined number of steps,

the search ends and a failure is reported.

Belief Update. In the previous POMP [132] formulation, belief updates are per-

formed using the standard POMCP strategy [110]. However, this approach presents

two main issues due to the large cardinality of the state space in AVS. Specifically,

the state space includes both the agent’s pose and the target object’s location. Since

the object can be located in any candidate position, and the number of simulations

is inherently limited, some valid states may not be sampled during the simulation

phase. Consequently, these states can only be recovered during the reinvigoration

step. If not recovered, they are effectively removed from the belief and cannot be

reintroduced, even if they are valid positions. A second issue arises from the rein-

vigoration mechanism itself. In standard POMCP, new particles are drawn from the

previous belief distribution. This can induce a feedback loop: particles that survive a

belief update are more likely to be selected again in subsequent reinvigoration steps.

As a result, when simulations are limited, the belief may converge prematurely to a

restricted subspace, neglecting other valid regions of the state space.

To address these limitations, POMP-BE-PD introduces a modified belief update

and resampling strategy. Initially, the belief is constructed by sampling particles

from a uniform distribution over all valid states, namely, all possible object locations.

We also introduce an auxiliary variable pp, which stores the set of object locations

that have not yet been ruled out:

pp = { j ∈H | j not yet observed},

initialized as pp =H. At each time step, the agent receives observations via the ob-

ject detector, and pp is updated by removing positions within the current field of view

(FOV) that do not contain the target object. The belief is then re-sampled uniformly

from the set of states consistent with pp, i.e.,H\ pp. This method explicitly samples

from the full set of object positions that have not yet been ruled out, independently
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of previous belief states. This approach avoids the local feedback loop inherent in

rejection sampling, ensuring a more comprehensive and stable exploration of the

state space. As shown in the experimental results, this strategy consistently improves

performance across a variety of scenarios.

Probabilistic Detection. Our agent is equipped with the Target Driven Instance

Detector (TDID [4]), a model specifically designed to detect and classify individual

instances of object categories. Given an input image, TDID outputs a list of bounding

boxes (if any), each associated with a confidence score s∈ [0,1] and a class label c. In

our setup, we consider only detections with confidence scores above 0.9. To evaluate

the quality of detections, we rely on the standard metrics of True Positives (TP),

False Positives (FP), and False Negatives (FN), and define the following performance

metrics:

Recall =
T P

T P+FN
Precision =

T P

T P+FP

Additionally, we compute the F1 score, which is the harmonic mean of Precision and

Recall:

F1-score = 2
Precision×Recall

Precision+Recall
,

where F1 ∈ [0,1] . In POMP [132], the planner terminates the exploration phase

as soon as the object detector identifies the target object within the agent’s field of

view (FOV). Thus, even a single false positive can prematurely end the exploration,

preventing the agent from reaching the actual target object. In POMP-BE-PD, we

aim to mitigate this limitation by not only relying on the current observation but also

incorporating the full history of observations into the decision-making process.

We begin by defining a vector D = {d1, . . . ,dk}, where each d j represents the

probability that the target object is located at position j, based solely on the object

detector’s output at the current time step. Thus, after each time step in the real world,

we reset all values in D.

We consider two distinct scenarios:

(i) If the object detector finds the target object within the current FOV, we set

d j = 0 for all locations j outside the FOV, and assign probabilities within the

FOV according to a multivariate normal distribution with mean at the detected

object location (see Fig. 3.3(a)).
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area. A hard environment consists of multiple large interconnected rooms. In our

experiments, we select two simple apartments (Home_005_2 and Home_015_1),

three medium apartments (Home_001_2, Home_016_1, Home_014_2), and three

hard apartments (Home_003_2, Home_004_2, Home_013_1). Illustrative examples

of these environments are shown in Fig. 3.5.

Metrics. We evaluate our approach using three metrics. The Success Rate (SR) [7],

the primary metric in this work, is defined as the percentage of trials in which the

agent successfully reaches one of the designated destination poses (as specified in

AVDB), out of the total number of episodes. A higher SR indicates more effective

search performance. The Average Path Length (APL) measures the average number

of poses visited by the agent across successful episodes, divided by the total number

of successful episodes. Lower APL values correspond to higher absolute efficiency.

Finally, the Success weighted by Path Length (SPL) [7] is defined as:

SPL =
1
N

N

∑
i=1

Si
li

max(pi, li)
, (3.3)

where N is the number of test episodes, li is the length of the shortest path between

the start and goal for episode i, pi is the actual path length taken by the agent, and Si is

a binary success indicator for episode i. Higher SPL values indicate better efficiency,

balancing both success and path optimality. In this work, the term “efficiency" refers

to the agent’s ability to explore and reach the target using the shortest possible path.

An episode is considered successful if the agent reaches the destination pose defined

by AVDB within a fixed number of steps (200 in our experiments) starting from the

initial pose configuration defined in [3].

Baselines. We compare POMP-BE-PD against five baselines: (i) random walk, in

which the agent, at each time step, randomly selects an action from the set of feasible

actions; (ii) EAT [106]; (iii) DQN [71]; (iv) DQN-TAM [72]; and (v) POMP [132].

Among these, only POMP is an unsupervised online solver, whereas the others rely

on training data to learn a policy. Due to the lack of publicly available code for the

referenced methods, except for EAT, we follow the evaluation protocol introduced

in [106] to report results. Compared to the original benchmark protocol defined

in [3], this protocol restricts evaluation to ground truth (GT) annotations for object
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detection and includes a reduced number of scenes and target objects. Notably, DQN

and DQN-TAM are evaluated on only two scenes (one simple and one medium

difficulty), making their average performance values unsuitable for a fair overall

comparison. Furthermore, both methods adopt different subsets of target objects

during evaluation, which further limits the comparability.

3.2.2.1 Results.

We compare POMP-BE-PD with state-of-the-art methods in Tab. 3.1, using ground

truth object annotations and following the evaluation protocol defined in [106]. As

shown, POMP-BE-PD achieves a higher SR than EAT, with a slight increase in

Average Path Length (APL). We consider this increase reasonable, as the scenarios

evaluated are more challenging, a point we will further discuss in the following

sections. For completeness, Tab. 3.1 also includes a comparison with DQN. It is

important to highlight that DQN requires training across 13 scenarios, whereas

POMP-BE-PD operates without any training. Notably, DQN performs better in the

easy scenario, while POMP-BE-PD achieves higher SR in the medium one, with

comparable APL. Results obtained using the object detector from [4] are presented

in Tab. 3.3 for both POMP and POMP-BE-PD. Notably, POMP-BE-PD achieves a

significant improvement of 35% in both SR and SPL, primarily due to its enhanced

capability to manage more challenging scenarios.

Table 3.1 Results on three scenes from AVDB using GT objects annotations. All methods are
compared using the protocol defined in [106]. The asterisk (∗) indicates that the evaluation is
performed on a different subset of objects.

Method
Easy (Home_005_2) Medium (Home_001_2) Hard (Home_003_2) Avg.

SR ↑ APL ↓ SPL ↑ SR ↑ APL ↓ SPL ↑ SR ↑ APL ↓ SPL ↑ SR ↑ APL ↓ SPL ↑

Random Walk 0.32 74.00 0.06 0.11 74.48 0.02 0.10 79.27 0.02 0.18 75.91 0.03

EAT [106] 0.77 12.20 0.42 0.73 16.20 0.56 0.58 22.10 0.41 0.69 16.80 0.46

DQN(∗) [71] 1.00 11.06 - 0.69 18.15 - - - - - - -

DQN-TAM(∗) [72] 0.98 17.85 - 0.60 24.19 - - - - - - -

POMP [132] 0.98 13.60 0.71 0.73 17.10 0.58 0.56 20.50 0.40 0.76 17.07 0.56

POMP-BE-PD 0.98 11.93 0.71 0.80 17.86 0.60 0.92 24.52 0.58 0.90 18.10 0.63

Ablation: Belief update. In the following, we analyze POMP-BE-PD through

an ablation study, isolating key components. Specifically, we evaluate POMP-BE,
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which corresponds to POMP equipped only with the new belief update mechanism.

Specifically, we want to answer the following questions: “Does the new belief update

reduce the episode length? What are the benefits of the new belief update when

navigating difficult scenarios?"

In Fig. 3.6, we group the test episodes based on their difficulty level and cat-

egorize them by the minimum path length required to reach the target. Specifi-

cally, Fig. 3.6(a) shows the results for easy scenes (Home_005_2 and Home_015_-

1); Fig. 3.6(b) presents data for hard environments (Home_003_2, Home_004_2,

Home_013_1); Fig. 3.6(c) includes medium-difficulty cases (Home_001_2, Home_-

014_2, and Home_016_1); and finally, Fig. 3.6(d) aggregates all the scenarios

available in AVDB. These visualizations suggest that excluding already observed

locations from the belief update enhances the efficiency of the exploration phase,

leading to more effective search behavior.
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(a) Easy (b) Hard

(c) Medium (d) All

Fig. 3.6 We aggregated the episodes by the minimum number of steps to reach the object, thus
incorporating the difficulty of the episode. In Figure (a) the results for the Easy scenarios;
in Fig. (b) Hard Scenarios; in Fig. (c) the Medium ones and finally, in Fig. (d), the sum of
all scenarios. Results using the object detector provided by [4], both during planning and
docking. Focusing on the POMP-PD method (yellow bar), we can observe the increment of
efficiency and efficacy due to the introduction of the Belief Update (green bar), since both
methods do not change the exit condition during planning (Probabilistic Detection).

Tab. 3.2 further evaluates the contribution of our belief update mechanism by

isolating potential sources of error. In this case, ground truth object annotations are

used in place of the detector, thereby eliminating both false positives and missed

detections during planning and docking. In the easy setting, performance differences

are minimal: SR drops slightly (by 0.01), while APL decreases and overall efficiency,
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Table 3.2 Result of different versions of improved POMP with more scenes per difficulty
level in AVD. POMP-BE is POMP with the improved Belief Update. Result using the ground
truth annotations instead of the detector, using 210 simulations during the planning phase.
The new Belief Update consistently increase the efficiency of the exploration phase, thus
reducing the Average Path length, and increasing the SR and SPL.

Difficulty Scene
POMP[132] POMP-BE

SR ↑ APL ↓ SPL ↑ SR ↑ APL ↓ SPL ↑

Easy
Home_005_2 0.94 12.96 0.73 0.93 12.26 0.72
Home_015_1 0.75 23.66 0.45 0.73 17.04 0.52

Avg. 0.84 18.31 0.59 0.83 14.65 0.62

Medium

Home_001_2 0.80 18.20 0.57 0.81 19.95 0.55
Home_014_2 0.76 41.07 0.38 0.90 19.99 0.55
Home_016_1 0.71 29.64 0.39 0.83 36.55 0.50

Avg. 0.76 29.64 0.45 0.85 25.50 0.53

Hard

Home_003_2 0.43 21.90 0.27 0.79 31.93 0.45
Home_004_2 0.45 66.20 0.17 0.57 47.71 0.28
Home_013_1 0.55 49.72 0.27 0.74 53.11 0.41

Avg. 0.48 45.94 0.24 0.70 44.25 0.38

Average 0.67 32.92 0.40 0.79 29.82 0.50

measured by SPL, improves. We speculate that this is due to the simplicity of the

layouts (see Fig. 3.5(a), 3.5(b)) and the narrow distribution of minimum path lengths

(see Fig. 3.6(a)), which limit the advantage offered by the improved belief update.

Conversely, as the scenario complexity increases, with a larger number of possible

object positions and more intricate spatial layouts, the benefits of the new strategy

become more evident. In the medium difficulty setting, SR improves from 0.76

to 0.85, APL drops from 29.64 to 25.50, and SPL increases from 0.45 to 0.53. A

comparable improvement is observed in the hard scenarios as well.

Ablation: Probabilistic Detection & Docking. In this section, we want to answer

the following question: “Does Probabilistic Detection reduce the number of false

positives? Is there a way to improve the docking, also considering the knowledge

gathered during the planning?"

To address the first research question, we categorize and examine the types of

failures encountered across episodes. Specifically, we define three categories of

errors:
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(i) Localization error: this occurs when the POMCP exploration phase terminates

due to the exit condition being satisfied, but the target object is not within the

agent’s field of view.

(ii) Docking error: this happens when the agent correctly detects the object at the

end of the exploration phase but fails to reach one of the designated successful

destination poses defined by AVDB.

(iii) Other error: this includes all remaining failure modes, such as the agent

exceeding the step limit without detecting the object, or performing actions not

allowed along the planned path.

Fig. 3.7 Percentage of error of POMP, POMP-PD and POMP-BE-PD, averaged over all
scenarios. The errors are categorized into three types: Localization, Docking and Other. We
used the object detector provided by [4], during both planning and docking.

Fig. 3.7 presents the average distribution of these error types for each planner across

all test scenarios. A key observation is that incorporating the Probabilistic Detection
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(POMP-PD) mechanism significantly reduces false positives—by approximately

32%, improving the method’s robustness. The revised Belief Update, on the other

hand, yields a notable reduction (around 30%) in errors grouped under the “Other"

category, which reflects an increase in the agent’s decision-making efficiency. Addi-

tionally, leveraging planning-phase information during the docking phase contributes

to greater robustness. This is evidenced by the substantial drop in Docking errors

(roughly 35.7%).

To further assess the impact of the Probabilistic Detection component, we conduct

an ablation study in Tab. 3.3. This isolates the effect of probabilistic modeling

from the belief update mechanism, applying the detector during both planning

and docking stages. Across all difficulty levels, the variant POMP-PD achieves a

significant increase in Success Rate (SR), ranging from 19% to 25% over the original

POMP method, while maintaining comparable Success weighted by Path Length

(SPL). Although we note a rise in Average Path Length (APL), this is expected:

enhancing confidence in object detection, and in particular, reducing the impact of

false positives, requires additional exploratory steps. To this end, the agent must

accumulate sufficient evidence to elevate the probability of the target location above

the threshold τ , resulting in longer trajectories.

Table 3.3 Results of POMP and variations of POMP-BE-PD with more scenes per difficulty
level in AVDB [3] using the object detector provided by [4].

Difficulty Scene
POMP[132] POMP-BE POMP-PD POMP-BE-PD

SR ↑ APL ↓ SPL ↑ SR ↑ APL ↓ SPL ↑ SR ↑ APL ↓ SPL ↑ SR ↑ APL ↓ SPL ↑

Easy
Home_005_2 0.60 17.90 0.40 0.58 16.18 0.41 0.81 26.08 0.42 0.79 22.70 0.45
Home_015_1 0.49 34.76 0.22 0.45 38.76 0.23 0.55 35.34 0.23 0.54 30.50 0.26

Avg. 0.54 26.33 0.31 0.52 27.47 0.32 0.68 30.71 0.33 0.67 26.60 0.35

Medium

Home_001_2 0.40 20.73 0.24 0.39 19.36 0.24 0.50 31.00 0.24 0.57 28.50 0.31
Home_014_2 0.53 47.60 0.25 0.60 18.52 0.38 0.60 45.79 0.24 0.66 21.38 0.37
Home_016_1 0.29 50.23 0.12 0.28 47.05 0.13 0.36 57.73 0.12 0.41 53.26 0.16

Avg. 0.41 39.52 0.20 0.42 28.31 0.25 0.49 44.84 0.20 0.55 34.38 0.28

Hard

Home_003_2 0.19 26.60 0.10 0.33 30.53 0.18 0.39 62.36 0.13 0.48 42.86 0.20
Home_004_2 0.42 69.84 0.15 0.55 47.31 0.26 0.44 70.26 0.14 0.54 61.93 0.20
Home_013_1 0.25 61.41 0.12 0.31 77.09 0.14 0.26 62.80 0.09 0.34 54.38 0.15

Avg. 0.29 52.62 0.12 0.40 51.64 0.19 0.36 65.14 0.12 0.45 53.06 0.18

Average 0.40 41.13 0.20 0.44 36.85 0.25 0.49 48.92 0.20 0.54 39.44 0.27

Case Study: Evolution of Probabilities. Fig. 3.4 illustrates a complete episode

executed by our proposed method, highlighting both the dynamic evolution of the



34 Agent Robustness via Sensor Unreliability

location probability distribution and the system’s resilience to false positives. The

initial pose of the agent is shown in Fig. 3.4(a). From there, the agent begins

exploring the upper part of the environment, as visualized in Fig. 3.4(b) and 3.4(c),

but no detections occur during this phase. A critical situation arises in Fig. 3.4(d),

where the agent experiences a false positive detection. Thanks to the Bayesian update

rule defined in Eq. 3.1 and the resulting probabilistic map, the agent correctly avoids

prematurely ending the search. In contrast, using the original POMP formulation

from [132], the episode would have been incorrectly terminated at this point due to

the deterministic observability model.

Additionally, we observe an increase in the probabilities associated with un-

explored regions (the right-hand section of the map). This reflects the system’s

inference that, in the absence of detections, the target is more likely to reside in

unvisited locations. Finally, in Fig. 3.4(e), the agent identifies a region with a high

likelihood of containing the object. This culminates in the successful discovery of

the target, as shown in Fig. 3.4(f).

3.2.3 Conclusion

We introduced POMP-BE-PD, a novel approach for Active Visual Search (AVS)

in environments with known 2D floor maps. Built upon the POMCP planning

framework, POMP-BE-PD performs online policy learning by leveraging topological

map information, thereby eliminating the need for data-intensive training procedures.

To address the challenges posed by unreliable object detectors, particularly false

positives and missed detections, we replaced the standard deterministic detection

with a probabilistic formulation. After each action in the environment, Bayesian

inference over a probability distribution of candidate object locations, resulting

in a 32% reduction in false positives. Furthermore, to overcome the limitations

of traditional POMCP belief updates in AVS, we proposed a new belief update

strategy that maintains a uniform distribution over all unexplored candidate locations.

This change improves exploration robustness and particle reinvigoration. Extensive

evaluation on the AVDB benchmark demonstrates that POMP-BE-PD achieves state-

of-the-art performance. Through detailed ablation studies, we showed that each

component contributes to performance gains: on average, we observe a 35% increase

in success rate and a 4% reduction in path length compared to the earlier method,

POMP.



Chapter 4

Agent Robustness via Instruction

Understanding

Interacting with robots using natural language instructions is one of the most challeng-

ing long-term goals of embodied AI. To foster progress in this area, a range of tasks

have been proposed, each testing a different aspect of language-guided perception

and navigation capabilities. For instance, the Vision-and-Language Navigation (VLN)

task requires agents to follow detailed, multi-step natural language instructions such

as: “Exit the bedroom. Turn left and go directly into the bathroom. Stop there.” Other

tasks like ObjectNav (ObjectNav) and Instance ObjectNav (InstanceObjectNav)

instead focus on goal-directed autonomous search. In ObjectNav, the goal is to

find an object of a given category (e.g., “Find a chair”), while InstanceObjectNav

involves locating a specific object instance described in natural language (e.g., “Find

the wooden piano located near the curtain in the bedroom”).

Despite growing progress on these benchmarks, a significant limitation persists:

many natural instructions provided by humans are often imperfect, either due to

errors, such as incorrect references or contradictions, or because they are under-

specified, relying on implicit assumptions or contextual knowledge. This chapter

addresses these challenges through two complementary contributions: Error-Aware

Instruction Following (Section 4.1) and Ambiguity-Aware Navigation (Section 4.2).
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Vision-and-Language Navigation. Introduced by Anderson et al. [8], the VLN

task, also referred to as Room-to-Room (R2R), has become a cornerstone bench-

mark in embodied AI. The original setup leveraged the Matterport3D simulator

and dataset [18], which provides real 360-degree RGB-D scans structured as a

discrete, undirected navigation graph. Early approaches in this setting relied on

attention mechanisms [19, 42, 20] or recurrent neural networks [8, 131, 30] to encode

the agent’s visual history and ground it in natural language instructions. Instead,

in [57], VLN in Continuous Environment (VLN-CE) is introduced, in which agents

are allowed to move freely, thus removing the assumption of known environment

topologies, short-range oracle navigation and perfect agent localization. In doing

that, they translated the nav-graph R2R trajectories to the continuous environments in

the Habitat simulator [105], providing a more challenging and real-world grounded

scenario. To address the gap between discrete and continuous VLN settings, Hong

et al. [43] proposed a prediction mechanism that generates candidate waypoints to

guide the agent during navigation. Due to the long time horizon of episodes in this

setting, more recent approaches have adopted spatial representations such as metric

maps [133] and topological memory modules [6, 5] to represent observations’ his-

tory. The current state-of-the-art, BEVBert [5], introduces a hybrid mapping strategy

that supports both long-term planning and short-term local reasoning, alongside

a map-based pretraining paradigm. Differently, we shift attention toward a new

direction: introducing and tackling the Detection and Localization of Instruction

Errors problem within the VLN framework.

Failure Analysis on VLN. A number of prior studies have focused on analyzing the

behavior and failure modes of VLN agents. For instance, Zhu et al. [151] highlights

that agents utilize both directional and object-related tokens when making naviga-

tional decisions, and that transformer-based agents acquire a better cross-modal

understanding of objects and display strong numerical reasoning abilities. Simi-

larly, Hahn et al. [39] assesses the influence of spatial and directional language cues

by selectively masking specific token types, such as directions, nouns, or numer-

ical references, in path-ranking models to study their impact on decision-making.

Another study [146] identifies a significant drop in agent performance in unknown

environments, attributing this to biases in low-level visual features. Complementing

these insights, Yang et al. [139] propose a framework to assess agent behavior based

on distinct skills by applying targeted interventions and observing variations in ac-
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tion outputs, with a particular focus on stop actions, directional cues, and object- or

room-related instructions. Distinct from these prior works, our study focuses on the

impact of erroneous instructions on VLN performance. Instead of simply masking

tokens [39], we actively modify instructions by injecting specific types of errors.

Moreover, unlike works that assess model generalization across environments [146]

or explore skill-based intervention analysis [139], our investigation targets the agent’s

robustness to natural language inconsistencies within the instruction itself.

Instruction-Trajectory Alignment. Aligning instructions with corresponding navi-

gation trajectories is a critical capability in Vision-and-Language Navigation (VLN),

ensuring that semantic cues in both modalities are correctly interpreted by the agent.

Huang et al. [45] introduces the Cross-Modal Alignment (CMA) task, which involves

distinguishing between valid instruction-path pairs and corrupted ones. Notably, the

original instructions remain intact and only the paths are artificially modified. Zhao

et al. [147] take a complementary approach by assessing the quality of instructions

produced by VLN instruction-generation models such as [30, 121]. Through an

evaluation involving human wayfinders, they propose a compatibility model that

classifies instructions as either high or low quality based on their effectiveness in

guiding human agents to the correct goal. Notably, they go beyond earlier work by

introducing perturbations to instructions, including direction swap, swapping entities

within the same phrase, removing, duplicating and shuffling sub-sentences in the

same instruction. A contrastive learning framework is proposed in [67] to enhance

the generalization of navigation policies. Their approach augments training data

by modifying instructions through synonym substitution, contextual insertion, and

back-translation. Positive and negative examples are carefully constructed based on

their semantic proximity to the original instruction. Negative samples are created by

rearranging instruction components to generate incoherent or misleading directions.

While all these works aim to improve instruction-path alignment to strengthen VLN

policy learning, our focus diverges in two significant ways. First, rather than enhanc-

ing alignment, we study how instruction inaccuracies affect navigation performance,

introducing a new task. Second, our experiments are grounded in the more realistic

continuous environment framework, as opposed to the majority of prior work, which

is constrained to discrete graph-based environments.
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Interactive VLN. In [21], a dedicated policy allows the agent to query the oracle

when uncertain, penalized by a negative reward. The oracle responds with the next

optimal action. Mistakes are simulated by injecting oracle errors, whereas we begin

with instructions that already contain mistakes. In [89], help is requested when the

agent is lost or uncertain. The oracle then provides short-term goals via natural

language, either through direct intervention or indirect hints. A policy is trained to

manage the budgeted queries. [94] addresses Audio-Visual-Language Embodied

Navigation (AVLEN), where the agent operates under a limited number of oracle

queries. While interaction frequency is not explicitly analyzed, performance is

measured through standard success metrics. Nguyen and Daumé III [88] further

relaxes oracle assumptions, simulating assistants that can only help when the agent

is within their attention zone. Interaction is measured by the number of help requests

per task, and contains multimodal data.

4.1.2 Task & Benchmark

We introduce the Vision-and-Language Navigation in Continuous Environments

(VLN-CE) task. Next, we define the types of instruction errors considered in our work,

and finally, we present our proposed task, Detection and Localization of Instruction

Errors.

Vision-and-Language in Continuous Environment. We define the natural language

instruction provided to the agent as I , consisting of F words, i.e., I = {w1, . . . ,wF}.

At each time step t, the agent receives an RGB-D observation Ot , representing the

visual input captured during navigation. We denote the sequence of such observa-

tions across a navigation episode as O = {O1, . . . ,OT}, where T is the total number

of steps executed by a navigation policy π . The objective in the VLN-CE task is to

learn a policy π that, at each step, interprets the instruction I along with the current

observation Ot to select an appropriate low-level action from the set at ∈ {Forward

0.25m, Turn Left 15°, Turn Right 15°, STOP }.

Instruction Error Types. Human-provided navigation instructions are often prone

to mistakes, either due to misremembering spatial layouts [44], general confusion, or

imperfect memory, as shown in Fig. 4.1. To systematically study the effects of such
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inaccuracies on navigation performance in VLN-CE, we classify instruction errors

based on their semantic roles and real-world plausibility, including:

(i) Direction Errors. Directional terms like left, right, forward, or backward are

critical for guiding agents. However, these terms are also commonly confused

with their antonym due to their binary and relative nature, e.g., right/left or

into/out of. We define a direction error as any instance in which at least one

correct direction word in the instruction is replaced by an incorrect one.

(ii) Object Errors. Objects mentioned in navigation instructions provide important

visual anchors. However, humans may misidentify or confuse objects, particu-

larly those frequently co-located in common space. For example, confusing

a sofa with a chair is more likely than confusing a toilet with a chair. An

object error is defined as the incorrect substitution of an object class with

another. In our study, we focus on plausible confusions influenced by common

co-occurrence (i.e., common sense) patterns in household scenes.

(iii) Room Error. Rooms serve as key contextual waypoints in navigation. Due to

memory inaccuracies or spatial similarity, users may confuse adjacent rooms,

such as saying bathroom instead of bedroom. A room error occurs when at least

one room reference is incorrectly replaced with another. We consider errors

that reflect room adjacency priors, such as “Go into the bedroom (✓bathroom).

Stop in front of the cabinet, near the plant."

(iv) Room & Object Error. Since both room and object errors stem from similar

causes, we also consider cases where both types occur. A Room & Object Error

is defined when the instruction includes at least one incorrect room reference

and one incorrect object mention.

(v) All Error. Finally, we define an all error category, where direction, room, and

object errors appear together in a single instruction.

Task Definition. We now define the Instruction Error Detection and Localization

task. Given a natural language instruction I, which describes the steps required to

reach a target location, and a sequence of visual observations O collected by a VLN

agent operating under a specific policy π , the goal of the Instruction Error Detection
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task is to learn a function:

dπ : I ×O→ {True,False}

that returns True if the instruction contains any errors, and False otherwise.

If an error is detected, i.e., dπ(I,O) = True, the next step is to perform Instruc-

tion Error Localization. This task focuses on identifying the specific positions within

the instruction where the erroneous words appear. More formally, the localization

function is defined as:

lπ : I ×O→P({0,1, . . . , len(I)−1})

where len(I) denotes the number of words in the instruction, and P(·) refers to the

power set operator, returning all possible subsets of word positions in I.

Benchmark Definition: R2RIE-CE. We introduce the first benchmark for R2R

with Instruction Errors in Continuous Environments (R2RIE-CE). Built on top of the

R2R-CE benchmark [57], R2RIE-CE is designed to evaluate VLN-CE methods under

the presence of erroneous instructions. R2R-CE consists of three splits: Train, Val

Seen and Val Unseen. Specifically, we focus on the most challenging Val Unseen

split, which includes 1839 evaluation episodes with novel paths, instructions and

scenes not seen during training.

To generate instruction containing errors, we introduce artificial perturbations

based on the error types defined in the Detection and Localization of Instruction

Errors task. For each error type, we construct a dedicated split based on the Val

Unseen split. We begin by filtering out episodes that lack words relevant to the

targeted error category, e.g., episodes without directional terms are excluded from

the direction error split. Next, we remove episodes whose instructions have a path

length shorter than a predefined threshold τ words, ensuring sufficient instruction

complexity. The remaining set of valid, unmodified episodes forms our base set of

correct episodes, denoted as EC .

Then, for each episode ei ∈ EC , we generate a corresponding erroneous instance

by perturbing the instruction according to the defined error type. The perturbations

are applied as follows:
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(i) Direction Errors. We consider a curated set of frequently occurring directional

terms in instructions, including: left/right, leftmost/rightmost, inside/outside,

into/out of, forward/backward, go down/go up, go around/go back. A direction

error is introduced by replacing the original directional word with its antonym.

(ii) Object Errors. We first extract a vocabulary of common object categories C

that frequently appear in natural language instructions, filtering out synonyms.

For each object class ci ∈ C, we define a co-location set Ci consisting of object

classes that are typically found in the same room. To inject an object error, we

replace ci with a random class c j ∈ Ci.

(iii) Room Error. We define a list of common room types R found in indoor

settings, such as bedroom, kitchen, archway, bathroom, living room, lounge,

hallway, dining room, office, gym, laundry and restroom. Each room ri ∈R is

associated with a set of spatially adjacent roomsRi, derived using ConceptNet

relationships and manually verified pairs. A room error is introduced by

replacing ri with a randomly selected room r j ∈Ri.

(iv) Room & Object Error. We introduce both an Object and Room error.

(v) All Error. We introduce both a Direction and Room & Object error.

We then defined the set of perturbed episodes, for each type of error, as EP . For every

perturbed episode ei ∈ EP , we store both the error type and the exact position of the

altered word as metadata. This information serves as ground truth for evaluating the

performance on the Detection and Localization of Instruction Errors task. As a result,

for each category of instruction error, we construct two corresponding sets: the clean

set EC and the perturbed set EP , maintaining a 50% ratio. Tab. 4.1 summarizes the

statistics of the validation splits generated for each error type.
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Model Structure. We show the full IEDL architecture in Fig. 4.3. We represent

instruction embeddings as ϒ ∈ RW×D, where the instruction I is tokenized and

padded to a fixed length of W = 80 tokens, following standard practice [5, 6]. Each

token is embedded using a BERT-based text encoder [25], with D denoting the

embedding dimensionality.

The visual trajectory is denoted as Γ = {V1, ...,VT}, where each Vt ∈ RD repre-

sents the embedding of the panoramic visual observation Ot at time step t. These

embeddings correspond to the sequence of nodes selected by the navigation policy π

in response to the encoded instruction ϒ.

Following the approach in [5], each embedding Vt is derived by extracting features

from a pre-trained Vision Transformer (ViT-B/16-CLIP [96]) and processing them

through a panoramic encoder [19] to obtain contextual visual representations. For

each episode i, we collect the trajectory Γ ∈ RT×D, which consists of the sequence

of visual embeddings generated by policy π . To preserve positional information, we

apply sinusoidal positional encoding. Additionally, similar to the [CLS] token in

BERT [25], we prepend a learnable embedding [CLS] ∈ RD to Γ. This token is later

used for downstream predictions.

We integrate the instruction embeddings ϒ with the trajectory embeddings Γ

using a cross-modal transformer with k layers (see Fig. 4.3, right). Our architecture

is inspired by [120] but omits the bi-directional cross-attention component. In

each transformer layer, cross-attention is applied with the trajectory as the query

(Q) and the instruction as key-value pairs (K, V ), followed by self-attention and a

feed-forward block. The [CLS] token, which is now enriched with fused visual-

linguistic representations, is passed through two classification heads to perform the

two downstream tasks:

(i) detection head: the trajectory-instruction alignment head fd : RD→ R esti-

mates the alignment score σ(a) ∈ [0,1] via the function dπ where σ(·) denotes

the sigmoid function;

(ii) localization head: the error localization head fl : RD→ RW , implementing lπ ,

identifies erroneous tokens within the instruction.

Both heads consist of a multilayer perceptron (MLP) followed by a ReLU activation,

LayerNorm, and a final MLP.
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Training procedure. The model is optimized using two distinct loss functions.

The trajectory-instruction matching head fd is trained with a Binary Cross-Entropy

loss, denoted as Ld . In contrast, the error localization head fl is supervised using a

standard Cross-Entropy loss Ll . Since an instruction may contain multiple errors, we

sum the losses for each localization term. The overall objective function combines

the two losses as follows:

L= λ1Ld +
λ2

E

E

∑
i=1

Ll

Here, E denotes the number of actual errors in the instruction, while λ1 and λ2

control the relative weighting of each loss component.

4.1.4 Experimental Results

Metrics. We adopt standard evaluation metrics for VLN, following established

protocols [8]. An episode is considered successful if the agent finishes within 3

meters of the goal. The primary VLN metrics are Success Rate (SR) and Success

weighted by Path Length (SPL).

To evaluate performance on Instruction Error Detection, we use the Area Under

the ROC Curve, as in (AUC) [147], which measures the area under the True Positive

Rate vs. False Positive Rate curve. In this work, an instruction is labeled as positive

if it contains at least one error. Moreover, AUC serves as the primary evaluation

metric (highlighted in grey).

For assessing Instruction Error Localization, we introduce a new metric called

Absolute Token Distance (ATD). This metric quantifies the discrepancy between

predicted and ground-truth positions of perturbed tokens. Specifically, for an episode

i, let ℓi
j be the ground-truth index of the jth erroneous token, and ℓ̂i

j its predicted

index. The ATD is defined as follows:

AT D =
1

NEP

NEP

∑
i=1

1
Ji

Ji

∑
j=1

|ℓi
j− ℓ̂i

j|, (4.1)

where NEP
is the number of perturbed episodes, and Ji is the number of perturbed

tokens in episode i. Lower values indicate more accurate localization of instruction

errors.
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Implementation details. We refer readers to [5] for details on BEVBert. In our setup,

we use k = 4 layers for the cross-modal transformer and set the feature dimension

to D = 768. The loss weights λ1 and λ2 are both empirically set to 1. We train the

IEDL model for up to 9,000 iterations using the AdamW optimizer.

All training experiments are conducted using the All Error benchmark type,

without common sense priors, from the R2R-CE training set. This setting excludes

enforced object co-location and room adjacency from the room set, ensuring no

additional commonsense bias is introduced during training. Model selection is based

on the best AUC score achieved on the All Error benchmark with commonsense,

evaluated on the Val Unseen split. The selected model is then used for evaluation

on all other benchmarks.

Baselines. Since no existing baselines are available for this task, we compare IEDL

against two alternatives: a random baseline and a zero-shot alignment baseline:

(i) Random. For each episode i, the instruction embedding ϒi is randomly clas-

sified as either correct or incorrect. If labeled as incorrect, we randomly

predict Ji token positions, where each ℓ̂i
j is sampled uniformly from [0, len(ϒi)].

The value Ji corresponds to the number of errors expected in the dataset (see

Tab. 4.1).

(ii) CLIP Alignment. This zero-shot baseline uses CLIP [96] for visual-semantic

alignment. For each instruction I, we extract a set of room and object tokens

K using an off-the-shelf POS tagger [13]. At each time step t, we query

CLIP to obtain the top-k predicted room and object labels from observation

Ot , aggregating them into a set S of visually grounded entities. CLIP prompts

follow the format: “a photo of a: <room or object>”, based on the room and

object vocabularies described. The instruction is flagged as erroneous if K⊈ S ,

meaning instruction tokens K are not visually grounded during navigation.

Error localization is then performed by retrieving the indices of instruction

tokens in K that are not found in S as : {l̂ |k
l̂
∈ K : k

l̂
/∈ S}.

Effect of errors on VLN agent’s performance. We begin by investigating how

different error types impact the performance of a VLN policy in continuous envi-

ronments, measured by SR and SPL. To quantify the effect of each error type, we

compute the drop in SR between perturbed and unperturbed conditions. Specifically,
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Table 4.2 Results of our proposed IEDL method on our proposed benchmark. We show the SR
and SPL metrics of the frozen policy, and the drop in SR performance when errors are present
(∆SR %). We then analyze the classification (AUC) and Localization (ATD) performance
of different methods. Error types with ⋆ indicate benchmark with common sense. AUC is
highlighted as it is the main metric.

Origin split Error type
Policy [5] Random

CLIP Align-
ment

IEDL

SR ↑ SPL ↑ ∆SR(%) AUC ↑ ATD ↓ AUC ↑ ATD ↓ AUC ↑ ATD ↓

R2R-CE
Val Unseen

Direction 0.53 0.43 -18.64 0.50 10.54 0.50 11.05 0.58 8.13
Room⋆ 0.58 0.49 -6.66 0.50 11.03 0.57 9.63 0.80 7.73
Object⋆ 0.56 0.46 -8.47 0.51 10.94 0.59 8.76 0.74 9.21

Room&Object ⋆ 0.57 0.47 -11.47 0.49 11.56 0.64 7.98 0.91 7.34
All ⋆ 0.52 0.43 -30.64 0.51 12.22 0.63 8.68 0.94 6.14

Avg. 0.55 0.46 -15.17 0.50 11.26 0.59 9.22 0.79 7.71

for each error type, we evaluate the policy on the correct episodes EC and their corre-

sponding perturbed versions EP . The relative decline in success rate is calculated

as:

∆SR(%) = SR(EC)−SR(EP)

Since EP is derived directly from EC , this metric isolates the impact of each error type

on navigation performance. Results are summarized in Tab. 4.2 under the “Policy”

column (SR, SPL, and ∆SR(%) columns). Among all error types, the Direction error

set leads to the most significant performance degradation, with a relative drop of

−18.64% in SR. The Object error with common sense causes a decrease of −8.47%,

while the Room error with common sense results in a−6.66% decrease. These results

align with prior findings [151], indicating that VLN agents strongly rely on direc-

tional and object tokens. However, in contrast to [151], we observe that in continuous

environments, agents are more sensitive to directional errors than to object-related

ones (−18.64% vs. −8.47%). We attribute this to the environment property of the

discrete R2R environment. Specifically, its “navigation graph”, which may introduce

strong implicit biases [57]. Interestingly, combining Room and Object errors with

common sense yields a performance drop of −11.47%, which is smaller than the

sum of their individual effects, suggesting overlapping information redundancy. The

most severe decline is observed under the All error type with common sense, which

combines all perturbations and results in a −30.64% drop in success rate. Overall,

these results, especially for the Direction error set, highlight a critical vulnerability

in current VLN-CE models and emphasize the need for greater robustness to linguistic
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perturbations, particularly those affecting directional grounding.

Does the instruction contain an error? In this experiment, we evaluate the

classification head fd against two baselines using the AUC metric. Results are reported

in Tab. 4.2.

The random baseline serves as a reference point to detect dataset bias and define

a performance lower bound. Since the dataset is balanced with 50% correct (EC) and

50% perturbed (EP ) episodes, its expected AUC is approximately 0.50.

We also include CLIP Alignment as a zero-shot baseline that simulates a human-

like approach, i.e., verifying whether instruction content is visually grounded in

the agent’s observations. Notably, CLIP Alignment does not require any training.

CLIP Alignment is relatively effective on Object and Room error types, achieving

a AUC of 0.64 when both are present (Room&Object). However, it performs no

better than random in the case of Direction errors. This likely occurs because even

when directional errors appear late in the instruction, CLIP Alignment may still

successfully ground earlier object and room references (i.e., K ⊆ S), masking the

effect of the error.

Our proposed IEDL achieves the highest AUC across all benchmarks, demonstrat-

ing robust alignment detection. However, a lower AUC of 0.58 on the Direction error

type reveals that this category remains particularly challenging. On average, IEDL

significantly outperforms both baselines, achieving a mean AUC of 0.79, compared

to 0.50 for Random and 0.59 for CLIP Alignment.

Can we localize the error? This experiment assesses the effectiveness of the

localization head fl in IEDL for identifying erroneous tokens within an instruction.

Results in terms of ATD are also presented in Tab. 4.2.

The random baseline yields a mean ATD of 11.26. In contrast, the CLIP Align-

ment baseline consistently outperforms random across all error types, proving partic-

ularly effective in the Room&Object benchmark.

IEDL achieves the best localization performance overall, outperforming both

baselines across all benchmarks, with the exception of the Object category, where

CLIP Alignment performs slightly better. However, although CLIP Alignment

localizes object-related errors well, its corresponding AUC is lower (0.59) compared
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to IEDL (0.74), indicating that it likely detects only a subset of the erroneous

instructions.

Notably, the average ATD of IEDL is 7.71, which is roughly the length of a typical

sub-sentence in the R2RIE-CE instructions. This suggests that IEDL is capable of

localizing errors with sub-sentence-level granularity.

Can IEDL detect errors in the R2R-CE dataset? This experiment explores the use

of a pre-trained IEDL as a semi-automated tool for identifying potentially mislabeled

episodes, including those in the original R2R-CE dataset. We apply the alignment

classification head fd of IEDL to the Val Unseen split of R2R-CE and isolate

episodes with alignment scores a exceeding a threshold of τa = 0.99.

Interestingly, IEDL flags 25 out of 1839 episodes as highly likely to contain in-

consistencies. Manual inspection reveals that 8 of these 25 cases indeed correspond

to incorrect ground-truth annotations. This result indicates that current evaluations

in VLN-CE may be partially affected by annotation errors, highlighting the need for

more robust dataset validation.

Can IEDL generalize to other datasets and models? To assess generalization, we

apply the trained IEDL to a different navigation policy ETPNav [6] and a different

dataset, RxR-CE [60]. Compared to R2R-CE, RxR-CE features significantly longer

and more detailed instructions (averaging 110 tokens vs. 30). Without any fine-

tuning, we run IEDL on episodes with English (en-IN and en-US) instructions, using

the same threshold τa = 0.99 as before.

Out of 3669 episodes, the model flags 118 as potential outliers. Upon manual

review, 10 of these episodes were confirmed to contain errors, including directional

inconsistencies, object mismatches, incorrect goal annotations, or mesh issues,

suggesting they should be excluded from the validation set. These results demonstrate

that IEDL can generalize across models and datasets and could serve as a valuable

tool for large-scale dataset verification.



4.1 IEDL/I2EDL 51

4.1.5 I2EDL: Interactive IEDL

IEDL detects and localizes errors in an offline mode, i.e., the errors in the instructions

are identified only after an agent has finished its trajectory, thus leaving no chance

for the agent and the user to interact and recover the errors while exploring the

environment. However, enabling human-agent interaction during navigation could

be extremely effective, since agents may prompt the user for instruction corrections,

thus improving the success rate of the task. Such interactive VLN with error awareness

introduces two main additional challenges:

(i) interaction timing: the agent should identify potential errors promptly at an

early stage, with only partial observations of the scene. If the detection is

delayed in time, it may be too challenging for the agent to correct its trajectory.

(ii) interaction number: since it is not ideal to have an agent that constantly interacts

with a human user, asking for potential errors (both for human disturbance

and cognitive load), it is essential to have an accurate online instruction error

detector and localizer. Essentially, “asking the right question at the right time.”

In this section, we introduce the Interactive VLN in Continuous Environments

(IVLN-CE), in which human users are allowed to make errors in their initial instruc-

tions and subsequently correct them if the agent accurately detects and locates the

errors through human-agent interactions. We then propose an effective baseline,

the Interactive Instruction Error Detection & Localizer (I2EDL) method, which is

based on IEDL and operates in an online mode with partial observation. Finally, we

propose the Success weighted by Interaction Number (SIN) metric, which reflects

both the navigation performance and interaction effectiveness, by encouraging a

higher success rate while limiting the interaction numbers.

Task Formulation. We extend the Detection and Localization of Instruction Errors

task, presented in Section 4.1.2, to the interactive setting.

For every episode i, and at every step t, the agent has the possibility to query the

human, checking if a particular token ℓ
j
i is correct or not, where j ∈ [0, len(ϒi)−1]

and len(·) returns the total number of tokens for instruction ϒi. Asking just a token

to the user would be ineffective, since the user would hardly understand the sense

of a single word (token), and, in the case of multiple instances of the same word,
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misunderstandings could easily arise. Therefore, the agent passes to the user a

portion (context) of the instruction, made by multiple tokens L j,ςl
= [ℓ

j−ςl

i , ℓ
j+ςl

i ],

where ςl is the contextualization length. The human, upon receiving a request from

the agent, returns the correct token if a wrong token is found within [ℓ
j−τl

i , ℓ
j+τl

i ],

where τl is a localization threshold. This correction mechanism ensures that the

human can provide the correct token even if there is a slight discrepancy of τl tokens

in the location pointed out by the agent.

I2EDL. For each episode i, we execute the policy π following instruction Ii for

at least p steps to acquire the set of visual observations O = {O1, ...,Op}. When the

current step t ≥ p, we use the detection head fd of IEDL to check if the alignment

score is a≥ τd , where τd = 0.6 is a detection threshold. If the detection is positive,

meaning that the instruction contains at least one error, we use the IEDL localization

head fl to localize the errors. Formally, we apply the so f tmax operator over the

output of fl , and then select the token ℓ
j
i with the highest probability, where j is the

index of the token. When a positive detection occurs, we increment variable NIi,

showing that the agent has detected and localized errors in the instruction. We then

simulate an agent-human interaction by asking the human the following question:

“I think there is an error in this part of the instruction: <part>, and

specifically on this <token>. Is this the case?"

In this question, <token> refers to token ℓ
j
i , while <part> refers to context

L j,ςl
. If the range identified by tokens [ℓ j−τl

i , ℓ
j+τl

i ] contains the error, then the agent

receives the correct token, and the embedding for instruction ϒi is recomputed. Oth-

erwise, if the detection is a false positive or no error is found by the human within the

specified range, no action is performed by the human. After the interaction, the agent

resumes its navigation, having the possibility to query the user for every step until T

steps are performed or the action STOP action is selected by the policy, meaning that

the agent believes it has reached the goal.

Success weighted by Interaction Number. Since our interaction scheme for

VLN is new, we need to propose a novel figure of merit. The rationale is that we want

to weight the success rate, depending on how often the agent requires the human
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intervention: the higher the number of interventions, the less valuable the success

rate.

We thus propose SIN, i.e. Success weighted by Interaction Number, specifically

designed to combine, in a single measure, both the SR and the number of interactions

with the user. Inspired by the Success weighted by Path Length metric [7], we define

SIN as:

SIN =
1
N

N

∑
i=1

Si
1

1+λ NIi

max(1,NEi)

(4.2)

where NIi is the number of interactions with the user, NEi is the number of errors in

episode i and Si is a binary indicator of success for episode i. The max(·) operator in

the denominator ensures the number of interactions NIi is weighted by the number

of errors NEi. Note that if no errors are present for episode i, max(1,NEi) = 1. λ

is a weighting factor that modulates the penalty for the number of interactions We

consider SIN as the primary metric in evaluating methods addressing the IVLN-CE

task.

SIN properties. SIN ranges between 0 and 1. A higher value indicates better

navigation performance and interaction efficiency. Moreover, the proposed SIN

metric possesses several favorable properties:

(i) when no interaction is performed with the human (i.e., when NIi is 0), SIN is

mathematically equivalent to SR.

(ii) SIN penalizes false positives detections.

Proof: for every correct episode i (i.e., the instruction is correct and thus

NEi = 0), a perfect agent will not interact with the human, thus NIi = 0. If

this is not the case, NIi is increased accordingly, thus minimizing the SIN

metric. Note that, in this scenario, the denominator is 1, resulting in increased

importance assigned to each unnecessary interaction.

(iii) SIN penalizes repetitive interactions.

Proof: for every incorrect episode i (i.e., the instructions contain error), the

SIN metric will be penalized as the agent requests multiple interactions with

the human.

(iv) the weighting factor λ prevents the denominator from becoming excessively

large. The metric can still show the improvement in SR while penalizing
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excessive interaction. We found that a λ = 0.01 is a good compromise between

weighting SR and the number of interactions.

4.1.5.1 Experimental Results

Metrics. We evaluate interactive agents with SR, SPL, the newly introduce SIN

metric and the Mean Interaction Number (MIN), defined as:

MIN =
1
N

N

∑
i=1

NIi

where NIi is the number of times the agent interacts with the user in episode i.

Baselines. To the best of our knowledge, there are no published baselines since

IVLN-CE is a novel task. To this end, we compare I2EDL with two baselines:

(i)“Random Interaction”: for every episode i and for every step, it randomly

predicts if instruction ϒi contains errors. If the detection is positive (i.e., the

instruction contains an error), we then randomly predict a token ℓ
j
i , where j =

rand(0, len(ϒi)−1) and rand returns a random number between the arguments.

(ii)“Always Ask”: this baseline prompts an interaction at every step from step p = 4

onward. At each interaction, it randomly predicts the erroneous token in the

same way as the “Random Interaction” baseline.

Table 4.3 Results show the increase of SIN (in %) under different paradigms of interaction
on R2RIE-CE benchmark, with localization threshold τl = 1, weighting factor λ = 0.01 from
step p = 4 onwards. The primary metric SIN is highlighted. Under the “No Interaction"

column, we report the SR, SPL metrics of the BEVBert policy [5], also showing the Success
Rate Upper Bound (SR). For I2EDL, we set detection threshold τd = 0.6. Error type based
on R2RIE-CE Val Unseen Dataset.

Error type
No interaction Random Interaction Always Ask I2EDL

SR ↑ SPL ↑ SR ↑ SIN ↑ MIN ↓ SR ↑ SPL ↑ SIN ↑ MIN ↓ SR ↑ SPL ↑ SIN ↑ MIN ↓ SR ↑ SPL ↑

Direction 53.4 43.5 58.5 52.9 1.82 53.6 43.6 52.8 3.64 54.3 44.0 53.2 0.50 53.4 43.5
Room⋆ 58.1 48.6 60.4 57.1 1.81 57.9 48.4 56.8 3.62 58.4 48.9 58.1 0.79 58.4 48.8
Object⋆ 56.1 46.1 58.7 55.8 1.75 56.6 46.4 55.2 3.53 56.7 46.7 56.1 0.70 56.3 46.3

Room&Object ⋆ 57.3 46.9 61.1 56.9 1.86 57.4 47.3 57.3 3.75 58.4 47.8 58.3 1.15 58.5 47.7
All ⋆ 52.4 42.6 61.9 53.3 1.97 53.8 43.5 53.2 3.95 54.1 43.8 53.8 1.37 54.0 43.4

Avg. 55.4 45.5 60.1 55.2 1.84 55.9 45.8 55.0 3.70 56.4 46.2 55.9 0.90 56.1 46.0
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Success Rate and interaction paradigm. In Tab. 4.3, under the “No Interaction"

column, we first report the SR and SPL of the current state-of-the-art method [5],

establishing a lower bound without interaction.

In the IVLN-CE setting, the goal is to minimize user interactions while maximiz-

ing their impact. Therefore, in Tab. 4.3 we report the results of the two baselines. The

“Random Interaction” baseline triggers interactions at random and cannot distinguish

correct from erroneous instructions, resulting in ∼ 2 interactions per episode. This

leads to user fatigue and low SIN, which penalizes unnecessary interactions.

The “Always Ask” baseline further highlights this trade-off: it achieves high SR

by constantly interacting, but with a high MIN (3.70) and low SIN.

Our method, I2EDL, outperforms both. First of all, we note that I2EDL has

a much higher SIN than the “Random Interaction” , meaning that our method is

able to detect instruction errors and localize them more precisely, thus maximizing

the effectiveness of the interactions. This is also reflected under the SR column, in

which, apart from the Direction error benchmark, I2EDL has an equal or better SR

performance, while halving the average MIN (0.90 vs 1.84) and scoring consistently

lower in terms of SIN. Compared to the “Always Ask” baseline, I2EDL has a higher

SIN (55.9 vs 55.0) while having an extremely low MIN score of 0.90 vs 3.70. No-

tably, I2EDL has the lowest results on the Direction error benchmark, indicating the

challenge of R2RIE-CE.

What is the SR upper bound on R2RIE-CE? To estimate the upper bound SR

(SR) on R2RIE-CE, we simulate a perfect agent unaffected by instruction errors. For

each perturbed episode i ∈ Ep, we replace the faulty instruction with the correct

one. Episodes in Ec remain unchanged. Tab. 4.3 shows the results. The largest

gain appears in the All benchmark (52.4→ 61.9), where episodes contain all three

error types. The second largest gain is in Direction (53.4→ 58.5). On average, SR

improves by 8.48% (55.4→ 60.1).

Can agents recover from instruction errors? We evaluate the agent’s ability to

recover from instruction errors occurring at different time steps. To simulate this, for

each perturbed episode i ∈ Ep, the agent navigates using the perturbed instruction

for t steps, then receives the correct instruction at step t +1 via a simulated human

correction:
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4.2 AIUTA

Language-driven instance object navigation (InstanceObjectNav) assumes that

a human initiates the task by providing a detailed description of the target to the

embodied agent. The instance description typically contains nuanced details about

the intrinsic (e.g., color, material) and extrinsic (e.g., context, spatial relations)

attributes of the searched object instance, which are essential to uniquely identifying

the target amid visual ambiguity. Although this description is crucial, providing

it prior to navigation can be demanding for humans, as users may be unable or

unwilling to supply all details in advance.

The second line of research thus explores navigation in the presence of am-

biguous object descriptions. First, we introduce the Collaborative Instance object

Navigation (CoIN) task, a novel problem setting in which the agent must actively

resolve uncertainties regarding the target instance through template-free, open-ended

dialogues with humans during navigation. A sketched illustration of this task is

shown in Fig. 4.6. To tackle this challenge, we propose Agent-user Interaction

with UncerTainty Awareness (AIUTA), a training-free framework that operates in-

dependently of the navigation policy and focuses on the human-agent interaction

reasoning using Vision-Language Models (VLMs) and Large Language Models

(LLMs). AIUTA equips the agent with two key components: a Self-Questioner

and an Interaction Trigger. The Self-Questioner leverages an LLM and VLM in a

self-dialogue process: it first describes the agent’s observation, then extracts addi-

tional relevant details, while a novel entropy-based technique reduces hallucinations

and inaccuracies, producing a refined detection description. The Interaction Trigger

then uses this refined description to determine whether to ask the user a clarifying

question, proceed with the current navigation plan, or stop the exploration altogether.

To support systematic evaluation, we introduce CoIN-Bench, a curated benchmark

focused on complex multi-instance environments, specifically designed to test agents

under object ambiguity conditions. Notably, CoIN-Bench enables evaluation with

both real and simulated human interactions. To simulate human responses, we lever-

age a Vision-Language Model (VLM) that has access to a high-resolution image of

the target object. Through extensive experimentation, we show that this setup allows

for reproducible and scalable evaluation of human-agent interactions.
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frontier-based exploration [138] by integrating large language model (LLM) reason-

ing [149, 143, 144, 61], CLIP-based localization [32], or vision-language semantic

maps [115, 141] for frontier selection. Most recently, [10] proposed using multi-

modal target specifications (a set of images and textual descriptions). In contrast,

our approach enables natural human-agent interaction during navigation without

requiring access to any target image.

Interactive Embodied AI. Human-agent interaction using natural language is a

longstanding goal in Embodied AI. Common approaches allow agents to request

assistance from users [117], with responses typically taking the form of shortest-

path action sequences [111, 21] or concise natural language sub-goals that guide

navigation [88, 89, 76, 94, 101]. In [103, 87], the authors propose a framework that

estimates the uncertainty of an LLM-based planner, enabling the agent to either de-

cide on the next action or query the user for help. Huang et al. [47] demonstrates that

LLMs can generate inner monologues when provided with environmental feedback,

which improves planning in robotic control tasks. Both [33, 123] present dialog-

guided task completion benchmarks based on human-annotated question-answer

pairs collected via Amazon Mechanical Turk. In [90], agent queries are restricted

to three fixed request types. Similarly, [34] uses templated questions focusing on

appearance, location, and direction. Zhu et al. [152] employs fixed-format queries

such as “Should I go [dir] to the [obj]?”, while [70] adopts a multiple-choice Q&A

format based on rigid templates. ELBA [109] generates both oracle-based and

model-based templated questions using ground-truth answers. FindThis [79] restricts

the agent to selecting candidate object images as responses, without the ability to ask

questions or use free-form natural language. In [23], the ZIPON task requires agents

to find personalized objects. However, goals are manually annotated, and the user,

simulated via an LLM, can only respond with predefined ground-truth information.

Both [79, 23] assume access to pre-built top-down semantic or occupancy maps to

locate objects of interest. In [87], help requests are allowed only at specific locations,

after which the simulator provides a natural language subgoal and an image of the

target. Zhang and Choi [145] relies on manually defined disambiguation intents

for triggering clarifications, which limits applicability in open-world settings. In

contrast, our agent identifies the target instance solely through open-ended, template-

free natural language dialogue with the user without predefined response structures,
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image inputs, or handcrafted disambiguation rules.

Vision-Language Models Uncertainty. Hallucinations, biases, reasoning failures,

and the generation of unfaithful outputs are well-documented issues in large language

models (LLMs) [49]. Orgad et al. [91] shows that truthful information tends to cluster

around specific tokens, a property that can be exploited to improve error detection.

However, such detectors often fail to generalize across datasets. Similarly, recent

works reveal systematic limitations in vision-language models (VLMs) [127, 73],

which may hallucinate or provide incorrect answers when faced with misleading or

unanswerable questions [95]. To address this, PAI [73] enhances visual grounding

by amplifying attention weights over image tokens. Zhao et al. [148] shows that

a linear probe over the distribution of initial token logits is used to classify visual

questions as answerable or unanswerable. Instead, CLARA [93] estimates LLM

uncertainty through context sampling, distinguishing between certain and uncertain

instructions. Zhu et al. [150] introduces VLM-LLM dialogues for image captioning.

In contrast, we employ self-dialogue in an embodied task setting, where both the

agent’s observation and target information are used to generate clarification questions.

Moreover, we introduce a novel uncertainty estimation mechanism, which reduces

hallucinations and improves grounding.

4.2.2 Task & Benchmark

Task Definition. Collaborative Instance object Navigation (CoIN) defines a new

variant of the InstanceObjectNav task in which an agent must navigate an unfa-

miliar 3D environment to locate a specific target instance. Unlike prior works, the

agent collaborates with a human user through open-ended, template-free, and natural

language interactions. Crucially, the agent autonomously decides when to engage

the user to acquire necessary information about the target during navigation. The

primary goal of CoIN is to identify the correct object instance while minimizing

human input, thereby reducing the user’s effort of providing detailed descriptions.

At the beginning of each episode, the agent is randomly placed in an unseen

3D scene [97]. Navigation begins when the user issues a natural language request

I, which may be as brief as an open-set category label c, for example: “Find the

<category>”. Importantly, the agent does not receive any visual reference of the
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target instance. We assume the user is: (i) fully informed about the target’s details,

and (ii) cooperative, providing truthful responses when queried by the agent.

At each time step t, the agent receives a visual observation Ot (i.e., an RGB-D

frame) and selects an action at from the set A = {Forward 0.25m, Turn Left

15°, Turn Right 15°, STOP, ASK }, where ASK is the novel action of CoIN.

This action allows the agent to pose a free-form question qa→u, in natural language,

to request additional details about the target from the user. Upon receiving the user’s

response ru→a, the agent updates its internal set of facts, i.e., a collection of attributes

and descriptors of the target instance denoted as Ft . This update is formalized as

Ft = Ft−1∪ ru→a.

Navigation concludes when termination conditions are met, such as selecting the

STOP action or exceeding a predefined step limit. The agent operates in a continuous

environment setting and is not restricted to a navigation graph [105].

Benchmark Definition: CoIN-Bench. We introduce CoIN-Bench, a curated bench-

mark of complex scenarios involving multiple visually similar instances, where

fine-grained interaction is essential for target disambiguation. Notably, CoIN-Bench

supports both human evaluation and simulated agent-user interactions, and includes

a new performance metric that accounts for agent-user interactions.

We build our dataset on top of the large-scale GOAT-Bench [55], which offers a

wide range of scenarios sourced from HM3DSem [97] and rendered using Habitat

Simulator [105]. GOAT-Bench provides instance references in multiple formats, such

as category labels and natural language descriptions, making it a strong foundation

for our work. GOAT-Bench includes a Train split intended for training navigation

policies, along with three evaluation splits: Val Seen, Val Seen Synonyms, and

Val Unseen. Specifically, Val Seen contains objects present in the training split,

Val Seen Synonyms introduces object names that are synonymous with those in

Train, while Val Unseen features entirely new object categories not encountered

during training. Since GOAT-Bench’s Train split is reserved for training, we design

CoIN-Bench specifically as an evaluation benchmark. To ensure fair comparison with

models trained on GOAT-Bench, we thus sample episodes from its evaluation splits,

i.e., Val Seen, Val Seen Synonyms, and Val Unseen. Since CoIN is designed

for settings involving multiple instances of the same object category (distractors),

we apply a filtering step to retain only episodes with at least dmin = 2 distractors.
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Table 4.4 CoIN-Bench statistics: Average (standard deviation) number of distractors,
geodesic distance to the goal, and number of episodes per split.

Statistics Val Seen Val Seen Synonyms Val Unseen

Avg. (std) number of distractors 4.58 (1.93) 6.01 (1.96) 5.15 (1.51)
Avg. (std) length (Geodesic) 9.32 (3.43) 9.13 (3.14) 9.86 (3.73)
Avg. (std) length (Euclidean) 7.48 (2.88) 7.50 (2.75) 7.78 (3.39)

Number of Episodes 831 359 459

After filtering, we use the Habitat simulator [105] to assign random start positions

to the agent, maintaining a geodesic distance between 5 and 20 meters from the

target to introduce variation in navigation difficulty. Given that visual observations

are rendered in 3D and their quality depends on scene reconstruction, we manually

inspect and remove episodes where the target object has poor resolution, minimal

visibility, or is visually indistinguishable from surrounding distractors. We also

exclude episodes that require crossing floors to reach the target, following standard

protocol. CoIN-Bench consists of 831 episodes from Val Seen, 359 from Val

Seen Synonyms, and 459 from Val Unseen, totaling 1,649 evaluation episodes,

comparable in scale to established benchmarks [58, 55, 11]. As summarized in

Tab. 4.4, the dataset features an average of approximately five distractors per episode

and a mean path length exceeding 7 meters, making it a challenging multi-instance

evaluation benchmark. CoIN-Bench’s samples are shown in Fig. 4.7.

Evaluation protocol. CoIN-Bench supports evaluation with both:

(i) real human users, to assess the strengths and limitations of authentic agent-

human interactions

(ii) simulated user-agent interactions, enabling scalable, extensive and reproducible

experiments.

Simulating these interactions is particularly challenging due to: (i) the agent’s ability

to ask open-ended, template-free questions about any attribute of the target, making

it infeasible to predefine an exhaustive question-answer set; and (ii) the vast space of

possible queries in a continuous 3D environment [105]. To address these challenges,

we simulate user responses using a vision-language model (VLM) with access to

a high-resolution (1024×1024) image of the target instance in each episode. This
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Upon receiving the initial user instruction I, such as “Find the picture” (① in

Fig. 4.9), AIUTA initializes the set of known target facts as Ft=0 = {I}. It then

activates a zero-shot navigation policy, VLFM [141], which processes the current

observation Ot and selects the next action at (②). VLFM builds an occupancy map

to identify unexplored frontiers and constructs a value map that ranks them by their

semantic relevance to the target, using the BLIP-2 [65] vision-language model.

AIUTA is triggered when an object belonging to the target class is detected (③);

then, it executes two key components in sequence:

(i) the Self-Questioner uses a vision-language model (VLM) and a large language

model (LLM) to perform a self-questioning procedure, aiming to derive a

detailed and grounded (i.e., hallucinations-free) understanding of the detected

object (④). This enables a reliable comparison with the known target facts.

(ii) the Interaction Trigger determines whether an interaction with the user is

needed by evaluating the observed object description against Ft . Based on this

reasoning, the agent either asks a clarification question (ASK), halts the episode

(STOP), or continues navigation (⑤,⑥).

If the agent chooses to ASK (⑦), the resulting user response is used to update the

fact set Ft (⑧). The navigation ends once the agent determines that the correct target

has been found. In the following, the Self-Questioner (4.2.3.1) and the Interaction-

Trigger (4.2.3.2) modules will be fully detailed. The full algorithm is available in

Supp. Mat., Section A.2.

4.2.3.1 Self-Questioner

Upon detecting a potential target, the Self-Questioner module aims to generate a

reliable and detailed description of the observed object. Prior work has shown

that generative vision-language models (VLMs) may produce outputs that are only

loosely grounded in the visual input, often resulting in hallucinated or inaccurate

content [127, 73, 95].

To address this limitation, we incorporate a large language model (LLM) to auto-

matically generate attribute-specific questions for the VLM. Central to our method
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is a novel uncertainty estimation technique that enhances the quality of the object

description by identifying and filtering out unreliable attributes. The process consists

of three key steps: (i) generating an initial, attribute-rich description of the detected

object based on the visual input; (ii) estimating uncertainty in the VLM’s responses

to validate the reliability of the detected attributes; (iii) refining the description by

removing attributes deemed uncertain. Each step is described in detail below.

Generation of the initial detection description. The agent begins by prompting

the VLM to generate an initial description Sinit of the current observation Ot , using

the prompt:

Pinit = “Describe the <target_object> in the provided image.” (4.3)

Formally, the response is defined as:

Sinit = VLM(Ot ,Pinit). (4.4)

However, this initial description may omit critical details necessary to identify the

specific target instance. For example, when searching for a picture, the content

depicted within the picture may not be explicitly mentioned. To address this, we

leverage an LLM to generate a set of follow-up self-questions Qdetails
a→a = {q j}, aimed

at enriching the initial description. These questions are generated based on Sinit and

the current set of known facts Ft , as follows:

Qdetails
a→a = LLM(Pdetails,Sinit ,Ft) (4.5)

where Pdetails is a prompt instructing the LLM to produce detailed, attribute-specific

questions (see Supp. Mat. Section A.1.2). Each question q j ∈ Qdetails
a→a is then

answered by the VLM using the same observation Ot :

r j = VLM(Ot ,q j). (4.6)

All responses {r j} are then concatenated with the initial description Sinit to produce

the enriched detection description:

Senriched = Sinit ∪{r j} (4.7)
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Perception uncertainty estimation. VLMs can generate hallucinated or inaccurate

content [127, 73, 95], which can negatively impact the performance of AIUTA. To

address this, we propose a novel training-free technique for estimating the perception

uncertainty of VLMs. Directly evaluating this uncertainty is challenging and often

requires changes to the model architecture. Instead, we introduce a prompt-guided

method based on Shannon entropy for post-hoc uncertainty estimation.

Our goal is to estimate the uncertainty u ∈ [0,1] of a VLM when answering a

specific question q given an observation Ot , such that:

(r,u) = VLM(Ot ,q) (4.8)

where r is the response and u the uncertainty score. Following [73], we consider

an auto-regressive VLM, where XI are the image tokens, XP are the prompt tokens,

and XH are the previously generated tokens. The VLM generates a conditional

probability distribution p over the vocabulary y ∈ Rw:

y∼ pVLM(y | XI,XP,XH)

∝ softmax(logitVLM(y | XI,XP,XH)) .
(4.9)

Since VLM has an unbounded output space and its output probability distribution

is over a (large) vocabulary of size w, directly estimating entropy is non-trivial. To

address this, since VLMs are typically instruction-tuned [68], we restrict the output

space using templated prompts. Specifically, we use:

“<Question>? You must answer with Yes, No, or ?=I don’t know.”

This formulation simplifies the problem by: (i) reducing the output to a single token

(removing the need for length normalization), and (ii) bounding the vocabulary size

to w = 3. We then compute Shannon entropy [107] H of the probability distribution

p over vocabulary size w:

H(pVLM) =−
w

∑
i=1

p(yi) log p(yi) (4.10)

and normalize it in the range [0,1] as:

u =
H

Hmax
, where Hmax = log(w) = log(3) (4.11)
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Given a threshold τ , the certainty level function C(u,τ) is determined as:

C(u,τ) =







Certain, u≤ τ

Uncertain, u > τ
(4.12)

To reduce false positives, we also check the object detection with a verification

prompt (see Supp. Mat. Section A.1.3):

“Does the image contain a <target object>? Answer with Yes, No or ?=I

don’t know."

This yields the response and uncertainty (rcheck,ucheck) = VLM(Ot ,Pcheck). Ac-

cording to Eq. 4.12, the AIUTA pipeline proceeds only if rcheck = “Yes” and

ucheck = Certain; otherwise, the agent continues exploring.

To further remove uncertain attributes, we prompt the LLM to extract a set of

attribute-value pairs from the enriched description Senriched:

Kt =
{

(k j,v j)
}

(4.13)

e.g., (“frame”, “black”), (“content”, “RGB image of a family”), etc. For each

attribute k j, we prompt the LLM to generate a list of J questions:

Qattribute
a→a = {q j}

J
j=1 (4.14)

to be self-answered by the agent. These questions are produced via:

Qattribute
a→a = LLM(Pself questions,F,Senriched) (4.15)

where Pself questions is the LLM prompt detailed in Supp. Mat. (Section A.1.4). Then,

each question q j is answered by the on-board VLM, yielding:

(r j,u j) = VLM(Ot ,q j) (4.16)

This process confirms or discards attributes based on VLM uncertainty, resulting in

a final, refined object description Sre f ined .
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Detection Description Refinement. To produce the final refined object description

Sre f ined , we prompt the LLM to filter out uncertain attributes from the enriched de-

scription Senriched . This decision is guided by the set of self-questions, corresponding

VLM responses, and associated uncertainty scores, denoted as {q j,r j,u j}. Formally,

the refinement process is defined as:

Sre f ined = LLM(Prefined,{q j,r j,u j},Senriched) (4.17)

where Prefined is the instruction prompt provided to the LLM (see Supp. Mat. Sec-

tion A.1.5).

4.2.3.2 Interaction Trigger

Using the refined and accurate object description Sre f ined , the Interaction Trigger

queries an LLM to determine whether to engage the user or continue navigation

autonomously. Specifically, we prompt the LLM to compute a similarity score s that

reflects the alignment between the scene description Sre f ined and the current set of

target object facts Ft . Formally, the similarity score s is estimated as:

s = LLM(Pscore,Sre f ined,Ft) (4.18)

where Pscore is a prompt that instructs the LLM to evaluate semantic similarity (see

Supp. Mat. Section A.1.6). The agent selects an action based on the similarity score

s as follows:

(i) If s≥ τstop, the agent concludes that the target has been found and terminates

the episode (STOP).

(ii) If s < τskip, the detected object is considered unrelated to the known target

facts, and the agent continues exploring without querying the user.

(iii) If τskip ≤ s < τstop, the detection is partially aligned with the target facts,

prompting the agent to ask a clarifying question to reduce uncertainty (ASK).

When selecting the ASK action, the agent leverages the LLM to generate an in-

formative question qa→u aimed at maximizing information gain. This question is

conditioned on both the current facts Ft and the refined detection description Sre f ined .
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To reduce the number of LLM calls, the question generation is incorporated directly

within the Pscore prompt. Upon receiving the human response ru→a, the agent updates

its knowledge base:

Ft ← Ft ∪ ru→a (4.19)

This update improves the grounding of future decisions and enhances the effective-

ness of subsequent agent-user interactions.

4.2.4 Experimental Results

Metrics. We consider an episode successful if the agent selects the action STOP

within 0.25m of the target viewpoints. If not located, the exploration ends after

500 navigation steps. Following embodied navigation standards, we use the follow-

ing metrics: Success Rate, SR (↑), our primary metric (in gray), and Success rate

weighted by Path Length, SPL (↑). Additionally, we introduce the average Number

of Questions asked, NQ (↓) in successful episodes to measure the amount of user input.

Implementation Details. We use LLaVA-NeXT [69] (LLaVA 1.6 with Mistral

LLM 7B) as the VLM and GPT-4o [48] as the LLM. The user interaction number is

limited to a maximum of 4 rounds per detected object. We empirically set τ = 0.75

(Eq. 4.12), τstop = 7 and τskip = 5 as they yield the best result.

Baselines. We compare AIUTA against state-of-the-art methods for ObjectNav

and InstanceObjectNav: the SenseAct-NN Monolithic Policy (Monolithic) [55],

PSL [112], OVON [142], and the zero-shot, training-free VLFM [141].

To highlight the difficulty of our proposed CoIN-Bench dataset, we include two

models trained on GOAT-Bench [55]: Monolithic and OVON. These methods are

evaluated on the “Seen” splits of GOAT-Bench, where target categories are present

during training (Section 4.2.2). PSL, in contrast, is trained on the ImageNav task

and transferred to the language-driven Instance Navigation task. Notably, both

Monolithic and PSL require a fully detailed textual description d of the target in-

stance. OVON and VLFM, on the other hand, use only the target category c as input.

Tab. 4.5 summarizes the input formats and training conditions for each method on

CoIN-Bench, following the same evaluation splits used in [55]: Val Seen, Val
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Seen Synonym, and Val Unseen.

Results with simulated user-agent interaction. As shown in Tab. 4.5, training-

based methods achieve stronger performance on Val Seen and Val Seen Synonyms

compared to Val Unseen, indicating poor generalization to novel object categories.

This trend is especially evident in policies trained on GOAT-Bench (marked with
†), where performance drops sharply. For example, OVON’s SR falls from 15.88 to

2.61, and Monolithic’s from 13.09 to 0.22.

In contrast, AIUTA, despite being training-free, outperforms training-based

methods on Val Unseen and maintains consistently strong performance across all

splits. Interestingly, while OVON outperforms AIUTA on Val Seen Synonyms, our

approach surpasses PSL and Monolithic in both SR and SPL. This is notable given

that PSL and Monolithic operate with detailed target descriptions, while AIUTA only

takes the category name as input. A possible explanation lies in the limited ability of

CLIP-based models to encode fine-grained instance-level descriptions, as observed

in prior works [55, 32]. Furthermore, when comparing results to those reported

on GOAT-Bench, the performance degradation of baselines (e.g., Monolithic) on

CoIN-Bench demonstrates the increased difficulty introduced by multi-instance

ambiguity. Notably, VLFM [141], which also receives only the target category as

Table 4.5 CoIN-Bench is challenging. AIUTA, while being training-free, achieves strong
performance by outperforming trained policies (top rows) and significantly surpassing the
zero-shot VLFM, across all splits, through effective user interaction. In contrast, policies
trained on GOAT-Bench (denoted with †), the foundation of CoIN-Bench, fail to generalize
to novel categories (Val Unseen). We report the SR (main metric, in bold w.r.t training
free-methods), SPL, and the number of questions NQ. Input types: c for object category, d for
its description.

Method
Model Condition Val Seen Val Seen Synonyms Val Unseen

Input Training-free SR ↑ SPL ↑ NQ ↓ SR ↑ SPL ↑ NQ ↓ SR ↑ SPL ↑ NQ ↓

Monolithic† [55] (CVPR-24) d ✗ 6.62† 3.11 - 13.09† 6.45 - 0.22† 0.05 -
PSL [112] (ECCV-24) d ✗ 8.78 3.30 - 8.91 2.83 - 4.58 1.39 -

OVON† [142] (IROS-24) c ✗ 8.18† 5.24 - 15.88† 11.35 - 2.61† 1.29 -

VFLM [141] (ICRA-24) c ✔ 0.36 0.28 - 0.00 0.00 - 0.00 0.00 -
AIUTA (ours) c ✔ 7.42 2.92 1.67 14.38 7.99 1.36 6.67 2.30 1.13

input, fails nearly all episodes across all splits, with SR approaching zero. This is

expected, given the high number of distractors in each scene (Tab. 4.4) and the lack

of instance-level discrimination capabilities in ObjectNav methods.
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comparing real human interactions and simulated ones are reported in Tab. 4.6. We

find no significant differences in key metrics, indicating that our simulation setup

offers a faithful and reproducible proxy for evaluating user-agent interactions.

Table 4.6 Real human vs simulated user-
agent interaction.

User type CoIN-Bench subset

SR ↑ SPL ↑ NQ ↓

Simulated 42.50 15.48 1.10
Real Human 42.50 17.44 1.29

Table 4.7 Ablation of AIUTA components
on the CoIN-Bench Train split.

Self-Questioner Skip-Question
Ablation split

SR ↑ SPL ↑ NQ ↓

✗ ✗ 9.21 5.86 3.57
✗ ✔ 8.55 4.84 2.69
✔ ✗ 9.87 6.50 4.60

✔ ✔ 14.47 7.22 1.68

Ablation I: Impact of Individual Components in AIUTA. We introduce the Ab-

lation split, derived from the GOAT-Bench Train set, using the same filtering

procedure detailed in Section 4.2.2. We select Train due to its broader semantic

category coverage. Since AIUTA is training-free, using this data for evaluation

remains a fair choice. Tab. 4.7 demonstrates the impact of the Self-Questioner and

the Skip-Question mechanism within the Interaction Trigger. When both components

are disabled (row 1), SR drops to 9.21%, and the average number of questions (NQ)

is high. Removing only the Self-Questioner (row 2) results in a performance drop

and fewer questions, as expected. Enabling only the Self-Questioner (row 3) slightly

improves SR to 9.87%, but keeps NQ high. Finally, activating both modules (row

4) yields the highest SR of 14.47% and reduces NQ to 1.68, confirming that both

components are essential for achieving strong and efficient performance.

Ablation II: VLM uncertainty estimation on IDKVQA. VLM uncertainty estima-

tion is a key component of the Self-Questioner module, enabling the agent to reduce

hallucinations and improve answer reliability. To evaluate our proposed technique,

we introduce IDKVQA, a dedicated VQA dataset comprising 502 questions over

102 images sampled from GOAT-Bench [55]. Notably, each question is annotated

by three human annotators selecting from {Yes, No, I Don’t Know}, allowing

models to abstain when visual information is insufficient. Samples from IDKVQA

are shown in Fig. 4.11.

We benchmark our Normalized-Entropy-based uncertainty estimation method

against three recent methods:
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Table 4.8 Results of different selection functions and their corresponding Effective Reliability

rate Φc=1 [135] on the IDKVQA dataset.

VLM Model Selection Function Φc=1

LLaVA llava-v1.6-mistral-7b-hf
MaxProb 15.94
LP [148] 14.01

Energy Score [75] 20.45

Normalized Entropy (ours) 21.12

(i) MaxProb, which selects the answer with the highest predicted probability. It

does not incorporate uncertainty estimation.;

(ii) LP [148], a logistic regression model trained as a linear probe on the logits of the

first generated token. The model is trained on the Answerable/Unanswerable

classification task using the VizWiz VQA dataset [38], which includes 23,954

images for training. When applied to IDKVQA, the logistic regression model

first predicts whether the question q is Answerable or Unanswerable. If the

question is deemed answerable, the response r with the highest probability is

selected among {Yes, No}; otherwise, the response I don’t know is returned.

(iii) Energy Score [75], a method for out-of-distribution detection based on an

energy score-based framework. An energy score is computed to identify

whether the given question-image pair is OOD. If the pair is classified as

OOD, the response I don’t know is returned; otherwise, the response with

the highest probability is selected among {Yes, No}.

Performance is reported in Tab. 4.8 using the Effective Reliability metric Φc from [135],

which jointly measures VQA accuracy and the ability to abstain when uncertain. Our

approach achieves the highest Φc=1 score of 21.12, validating the effectiveness of

our entropy-based uncertainty estimation.

Ablation III: Sensitivity analysis of the threshold τ . We analyze the sensitivity of

the threshold parameter τ (as defined in Eq. 4.12) for our Normalized-Entropy-based

uncertainty estimation and the second-best performing method, Energy Score [75].

To this end, we subsample the dataset to 50%, 70%, and 100% of its original size.

Specifically, we create five sets containing 50% of the question-answer pairs from

CoIN-Bench, five sets comprising 70% of the question-answer pairs, and also use







Chapter 5

Conclusions

5.1 Summary of the main contributions

Although embodied AI agents have shown remarkable performance on benchmark

tasks, they are often evaluated under idealized conditions, assuming perfect per-

ception and flawless communication, assumptions that rarely hold in practice. To

bridge this gap, this thesis addressed two complementary sources of uncertainty that

undermine agent robustness: internal uncertainty arising from imperfect sensors, and

external uncertainty originating from ambiguous or erroneous human instructions.

We now summarize our main contributions along these two axes.

Sensor Robustness: Object Detection. We introduced POMP-BE-PD [116], a

training-free POMCP-based planner for active visual search that explicitly models

object detector unreliability. During exploration, the agent maintains and updates

a probability distribution over candidate object locations by incorporating detector

statistics. A Bayesian inference mechanism over this distribution enables the agent

to reduce false positive errors by 32%. Additionally, improved belief update and

docking procedures enhance the agent’s robustness and reduce navigation time. Our

method outperforms state-of-the-art baselines in both success rate and path efficiency,

particularly in challenging environments.

Instruction Robustness: Erroneous Instructions. Having addressed internal un-

certainty, we now turn to the external source: imperfect human instructions. We

introduced R2RIE-CE, a new benchmark for VLN-CE where various types of errors
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are systematically injected into navigation instructions. To address this setting, we

propose IEDL [118], a model capable of identifying erroneous instructions and

localizing the errors with sub-sentence precision. We further extended this method

with I2EDL [117], which performs online instruction error detection and localiza-

tion during navigation. Together, our benchmark, task formulations, and methods

represent significant steps toward more robust and adaptive VLN-CE agents capable

of operating under real-world linguistic imperfections.

Instruction Robustness: Ambiguous Instructions. We introduced the CoIN

task, in which the agent collaborates with the user during navigation to resolve

uncertainties about the target object instance. To address this challenge, we pro-

posed AIUTA [119], a training-free module for human–agent interaction reasoning

that leverages Vision-and-Language Models (VLMs) and Large Language Models

(LLMs). Upon object detection, a Self-Questioner component initiates an internal

dialogue to generate a complete and accurate description of the agent’s observations,

while a novel uncertainty estimation technique removes perceptual hallucinations.

Subsequently, an Interaction Trigger module decides whether to query the user,

proceed with navigation, or halt exploration, thereby minimizing unnecessary user

input. Experiments on our proposed CoIN-Bench demonstrate that AIUTA serves as

a strong training-free baseline, while existing language-driven instance navigation

methods fail to generalize to complex multi-instance scenarios.

5.2 Limitations & Future Work

While the contributions above represent significant steps toward robust embodied

agents, several limitations remain. We now discuss these limitations and outline

directions for future research, organized according to the same structure as our

contributions.

Sensor Robustness: Object Detection. While POMP-BE-PD introduces an effec-

tive framework for Active Visual Search (AVS), several limitations remain. First,

the method assumes access to an accurate 2D floor map of the environment. In

real-world scenarios, such information may be unavailable or incomplete. Although

POMCP-based planners for unknown environments have been proposed [35], they do

not account for uncertainty-aware planning as done in our framework. Future work
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could explore integrating online mapping or SLAM-based methods to incrementally

build a map during exploration while maintaining probabilistic reasoning under

detection uncertainty.

Second, despite incorporating detection uncertainty, the method relies on precom-

puted detector statistics, such as category-wise precision and recall. This dependence

limits adaptability to new detectors or environmental conditions when such statis-

tics are not known a priori. A promising direction would be to develop adaptive

mechanisms for estimating or learning these statistics online, allowing the system to

operate effectively in unseen domains. Additionally, incorporating online learning

strategies and multi-view selection policies (i.e., if uncertain, let the agent select

the object from another point of view) could help reduce target uncertainty during

navigation.

Third, the probability map used in this work is designed for single-object search,

and does not consider the spatial relationship between objects to guide planning.

Extending the framework to support multi-object search would require algorithmic

modifications and may increase computational demands. Future extensions could

involve hierarchical planning techniques that reason jointly over multiple object

instances while preserving computational efficiency. Additionally, an interesting

area of research could be exploring how to integrate LLM common sense into the

POMDP planning procedure.

Finally, all evaluations are performed in simulated environments using the Active

Vision Dataset Benchmark (AVDB). The lack of real-world deployment leaves open

questions regarding the robustness of the approach in the presence of additional

sensor-related issues not considered in this work.

Instruction Robustness: Erroneous Instructions. While the proposed framework

improves the robustness of Vision-and-Language Navigation (VLN) in continu-

ous environments by detecting and localizing instruction errors, it presents several

limitations.

First, the R2RIE-CE benchmark is constructed by artificially injecting errors into

existing VLN datasets (i.e., R2R-CE), rather than collecting human-generated erro-

neous instructions. Although the injected errors consider commonsense relationships,

they may not fully capture the complexity and variability of real-world mistakes.

Future work could involve collecting real human-in-the-loop navigation data, where
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errors occur naturally, to improve the realism and generalizability of instruction error

detection models.

Second, the Instruction Error Detector & Localizer (IEDL) operates offline,

relying on complete trajectories and full instructions. Although I2EDL demonstrates

how a pre-trained IEDL model can be used online for recovery during navigation, it

remains unclear how to train an error-aware policy from scratch and how to simulate

a human in an interactive setting. Developing online, end-to-end trainable models

capable of detecting and correcting errors during navigation, without relying on a full

trajectory remains an open challenge. Additionally, future research should explore

interactive learning paradigms where agents can request clarifications, simulate user

feedback, or adaptively learn from mistakes in real time. To this end, understanding

the model’s uncertainty about when it should ask for information remains an open

challenge.

Finally, experiments are confined to simulated environments. Real-world de-

ployment would likely introduce new types of instruction errors and environmental

challenges not represented in simulation.

Instruction Robustness: Ambiguous Instructions. CoIN introduces a novel task

that, for the first time, supports online, natural, and template-free human interaction

to resolve target ambiguity during navigation. While AIUTA performs effective

embodied reasoning in this setting, this work lays the foundation for a new class of

simulated interaction types, paving the way for future research on more directed,

flexible, and context-aware agent behaviors, as outlined below.

First, the current setup uses a vision-language model (VLM) to simulate the

human user, supporting only natural language interactions. While this avoids hand-

crafted templates, it does not fully capture the variability and richness of real human

communication, such as non-verbal cues, disfluencies, or multi-modal grounding.

Future work should explore human-in-the-loop data collection to better understand

the interaction dynamics and improve realism.

Second, the AIUTA framework relies heavily on large language models (LLMs),

where performance improves with model size [52]. However, these larger models

incur significant inference costs, both computationally and financially, making them

impractical for real-time, on-board processing in resource-constrained settings (e.g.,

mobile robots or drones). Moreover, many LLMs require sending user data or
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scene information to external servers for processing, raising concerns about data

privacy and the secure handling of sensitive or personally identifiable information

for embodied domains. Distilling the reasoning capabilities of large models into

smaller, efficient variants remains an open and critical research challenge.

Third, current natural language dialogues in CoIN are restricted to resolving

ambiguities about the target object. This excludes other important forms of human-

agent interaction, such as navigation-level guidance (e.g., “go left now”) or feedback-

driven correction (e.g., “you passed it”). Expanding dialogue capabilities toward

richer forms of interaction could improve accessibility, enable collaboration with

diverse users, and enhance task success in complex environments. However, due

to our proposed VLM-simulated user setup, which does not rely on templates or

offline-computed datasets, simulating such interaction types online remains an open

research question.

Fourth, AIUTA’s embodied reasoning is triggered upon object detection. While

this is convenient, as it allows for a training-free approach, alternative triggering

mechanisms could be proposed, such as leveraging model uncertainty. However,

understanding model uncertainty, i.e., enabling the agent to raise the question “I

don’t have all the information; it would be better to ask" remains an open research

question.

Fifth, AIUTA can collect target object facts (i.e., information about the target

object) as more agent–human interactions occur. While the dialogues are grounded

in these facts (to maximize the effectiveness of human–agent interaction), this

information is currently not used during navigation to improve planning. Future

work could extend the use of online feedback into the navigation policy.

Finally, all experiments are conducted in simulated environments. While this

allows controlled benchmarking, it does not account for the unpredictability and

noise of real-world deployment, such as speech recognition errors, visual sensor

limitations, or dynamic scene changes. Future work should explore real-world

implementations to test robustness and generalization.
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5.3 Embodied AI: The Next Era

Having explored the current limitations and proposed future directions of the work

presented, I now step back to consider a broader question:

Where is Embodied AI headed?

This section reflects my perspective on the research frontiers that may shape

the field in the coming years, before discussing how the contributions of this thesis

position the community toward these goals (Section 5.4).

Embodied maps. Embodied agents today lack a scalable (to large environments),

semantic, queryable (i.e., able to perform searches given language or visual features),

and updatable map of their environment. In real-world deployment, agents should

perform better over time as they gather experience in an environment, as also shown

by [59].

Generalist Embodied Agents. Currently, we are still focused on solving one task at

time using ad-hoc solutions and architectures (e.g., separate agents for ObjectNav,

InstanceObjectNav and VLN). Generalist embodied agents are still in their infancy,

even though impressive performance has been achieved [46, 114]. Developing and

training such agents remains difficult, particularly from a simulation perspective. As

a research community, we should develop shared and unified benchmarks and tasks,

modular frameworks, and simulators to accelerate progress in this area.

Embodied Reasoning. As more and more agents are deployed, it becomes essential

to develop agents that can reason, mimicking the two distinct modes of cognitive

processing (i.e., fast and slow), as introduced by Kahneman [51]. This model offers

the benefits of:

• A slow, System 2 thinking mode for complex problem-solving and analytical

tasks, such as “Is this the object the user is looking for?” or “I completed the

first part of the instruction; now I should enter the bedroom, since the user

mentioned a plant and I’m seeing that.”

• A fast, System 1 mode for intuitive operations that do not require reasoning.

This “reasoning” procedure is currently being developed especially with large lan-

guage models [108, 134, 56]. However, embodied reasoning presents additional
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challenges. While larger models improve reasoning, they are difficult to deploy on

embodied agents due to resource constraints (both from a time and cost perspec-

tive). Distillation and new training paradigms are promising directions [108, 24].

Moreover, embodied agents must reason over trajectories, i.e., a history of obser-

vations, rather than single steps. Agents should learn when to reason and when

to act intuitively, dynamically switching between fast and slow modes depending

on environmental conditions. Incorporating uncertainty estimates may help agents

decide which mode to use under different conditions.

Interpretability and Explainability. As embodied agents enter real environments,

transparent decision-making processes become essential for safety and trust. Agents

should generate human-readable explanations for their actions, clarifying why they

chose a particular path, asked for help, or aborted a task.

Human-Centric. The next generation of agents must engage naturally with humans

when they are uncertain. Beyond verbal dialogue, they should support multimodal

cues such as gestures, vision-based instructions (e.g., pointing) and handle implicit

commands (e.g., “get my cup”). Human demonstrations, especially video data, will

play a larger role in training, enabling robots to retarget observed actions into their

own motor commands.

Of all these directions, Vision–Language–Action (VLA) models stand out. They

combine semantic reasoning from LLMs and perceptual skills from VLMs into a

unified representation that powers downstream tasks.

I conclude by highlighting the greatest challenge ahead: integrating rich mapping,

generalist VLA capabilities, embodied reasoning, interpretability, and human-centric

interaction into compact models (e.g., 3B), efficient enough for real-world deploy-

ment. In ten years’ time, I look forward to revisiting these predictions and assessing

how far we’ve actually come.

5.4 Potential Impact

Having outlined the research frontiers that may shape Embodied AI in the coming

years, I now reflect on how the contributions of this thesis position the field toward

these goals and their potential impact on the broader computer vision and embodied

AI communities.
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Toward Richer Embodied Maps. One promising approach towards a semantic

and queryable map is to integrate vision–language aligned features and latent codes

into a top-down map. In [115], we show that by projecting vision-language aligned

embeddings onto the map, we can support natural-language queries (e.g., “a couch

in front of the windows in the living room”). Moreover, by projecting latent codes

and converting them into Neural Radiance Fields, we show that it is also possible

to achieve image synthesis by rendering images from any camera pose. This work

provides the community with a first step toward unified map representations that

support both semantic retrieval and visual rendering capabilities (e.g., previewing the

agent’s destination, the path taken, or the searched location). Yet, image generation

lacks fine-grained detail, and updating such maps and scaling them to large, complex

environments with precise localization and synthesis remains an open challenge.

Toward Embodied Reasoning. As discussed in Section 5.3, future agents will

need to reason over their observations, switching between fast, intuitive responses

and slow, deliberate analysis. The AIUTA framework [119] takes early steps in

this direction. Built on top of a fast zero-shot policy, AIUTA’s Self-Questioner

component initiates an internal dialogue to generate accurate descriptions of the

agent’s observations, which is crucial for deciding when deeper reasoning or external

clarification is required. Furthermore, the uncertainty estimation technique further

enables the agent to recognize when its perceptions may be unreliable. These

contributions lay the groundwork for future research on when and how embodied

agents should engage in deliberate reasoning versus intuitive action.

Toward Robust Real-World Deployment. A recurring theme throughout this thesis

is the gap between idealized benchmark conditions and the complexities of real-

world environments. POMP-BE-PD [116] demonstrates that explicitly modeling

perception uncertainty leads to more reliable navigation, reducing false positive by

32%. The R2RIE-CE benchmark and the IEDL/I2EDL [118, 117] methods establish

a systematic framework for studying instruction errors in Vision-and-Language

Navigation. Similarly, the CoIN [119] task and CoIN-Bench address the challenge

of ambiguous instructions. Together, these contributions provide the community

with new benchmarks, evaluation protocols, and methods that prioritize robustness,

a prerequisite for deploying embodied agents in homes, hospitals, warehouses, and

other uncontrolled settings.
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Toward Human-Centric Agents. The next generation of embodied agents will

interact naturally with humans, especially under uncertainty. Unlike prior work

that relies on scripted dialogues, the CoIN [119] task and the AIUTA framework

represent a foundational step toward this vision, introducing the first benchmark

that supports online, natural, and template-free human–agent interaction during

navigation. These contributions provide the community with both a task formulation

and a strong baseline for studying human-agent collaboration.

Toward Interpretability and Trust. Transparent decision-making is essential

for safe deployment. Although interpretability was not the primary focus of this

thesis, several contributions support this goal. IEDL [118] localizes errors within

instructions with sub-sentence precision, providing interpretable feedback about

which parts of an instruction may be unreliable. I2EDL [117] further extends

IEDL, triggering in an online fashion the user-agent interaction upon the detection

of instruction errors during navigation. AIUTA’s [119] Self-Questioner generates

natural language descriptions of the agent’s observations, offering a window into its

perceptual understanding. These mechanisms enable users and developers to better

understand agent behavior, facilitating error analysis and trust-building.

Finally, I conclude by highlighting the accepted workshop at the International

Conference on Intelligent Robots and Systems (IROS 2025),“Human-Aware Embod-

ied AI”, which I co-organized. HEAI addressed the challenges of creating seamless

human-agent Co-Habitats, focusing on trustworthiness (when agents don’t know),

robustness (when agents ask for help), and intuitive collaboration (bi-directional

interaction).

https://heai-iros25-workshop.github.io/
https://heai-iros25-workshop.github.io/
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Appendix A

Collaborative Instance Navigation

A.1 AIUTA: Prompts

A.1.1 Pinit - Initial Description

1 P_init = """ Describe the {target_object} in the provided image.

"""

A.1.2 Pdetails - Gather Additional Information

1 P_details = """You are an intelligent embodied agent equipped

with an RGB sensor , an object detector , and a Visual

Question Answering (VQA) model.

2 Your task is to explore an indoor environment to find a

specific target {target_object }.

3 The detector has identified a {target_object }. The VQA model

has provided the following description of the scene:

4

5 <START_OF_DESCRIPTION >

6 {distractor_object_description}

7 <END_OF_DESCRIPTION >

8

9 Based on your past interactions with the user , you know the

following facts about the target picture:

10 <START_TARGET_PICTURE_FACTS >

11 {facts_about_the_target_picture}

12 <END_TARGET_PICTURE_FACTS >
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13

14 Your task is to:

15 - ask more question to the VQA model on the detected {

target_object} to maximize information gain.

16

17 Ensure your output follows the following format:

18

19 YAML_START # must be present to get the information back

20 attributes_of_the_image:

21 <attribute name >: "<attribute value >" # summarize all the

known attributes from the description , enclosed in " "

22 questions:

23 <question_number >: "<question content >"

24 YAML_END # must be present to get the information back

25

26 Provide your reasoning step -by-step , after the YAML_END tag."""

A.1.3 Pcheck - Check detection with LVML

1 P_check = """ Does the image contain a {target_object }? Answer

with Yes , No or ?=I don’t know."""

A.1.4 Psel f question - Extract attributes and generate Self-Questions

1 P_ATTRIBUTES_AND_SELF_QUESTIONS = """

2 You are an intelligent embodied agent equipped with an RGB

sensor , an object detector , and a Visual Question Answering

(VQA) model. Your task is to explore an indoor environment

to find a specific target {target_object }.

3 The detector has identified a {target_object }. The VQA model

has provided the following description of the scene:

4

5 <START_OF_DESCRIPTION >

6 {distractor_object_description}

7 <END_OF_DESCRIPTION >

8

9 Based on your past interactions with the user , you know the

following facts about the target picture: <

START_TARGET_PICTURE_FACTS > {facts_about_the_target_picture}

<END_TARGET_PICTURE_FACTS >

10
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11 Assume that the detected image description contains

hallucinations. Your goal is to verify every attribute of

the detected {target_object} description through questions.

Formally:

12 - Detect possible hallucinations in the VQA model’s description

13 - Get more information about the detected object.

14 Every question should be in this format: "<question content >?

You must answer only with Yes , No , or ?=I don’t know." This

allows us to assess the likelihood of the answers.

15

16

17 Ensure your output follows the following format:

18 YAML_START # must be present to get the information back

19 attributes_of_the_image:

20 <attribute name >: "<attribute value >" # summarize all the

known attributes from the description , enclosed in " "

21

22 questions_for_detected_object: # question for the detected

object , if any

23 <Question number >: "<question >? You must answer only with

Yes , No, or ?=I don’t know."

24 reasoning_for_detected_object:

25 <Question number >: <reasoning >

26 YAML_END # must be present to get the information back

27

28 Provide your reasoning step -by-step , after the YAML_END tag."""

A.1.5 Pre f ined - Refined image description

1 P_refined = """

2 You are an intelligent embodied agent equipped with an RGB

sensor , an object detector , and a Visual Question Answering

(VQA) model.

3 Your task is to refine an image description based on certainty

estimates and user interactions.

4

5 Scenario:

6 The detector has identified a scene with a {target_object }. The

VQA model provided this initial scene description:

7

8 <START_OF_DESCRIPTION >

9 {distractor_object_description}
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10 <END_OF_DESCRIPTION >

11

12

13 Questions asked and responses:

14 <START_QUESTION_AND_RESPONSES >

15 {list_questions_answers_uncertainty_labels}

16 <END_QUESTION_AND_RESPONSES >

17

18 Task:

19 Using the questions/answer pairs with uncertainty labels ,

refine the image description.

20 Since we have to find a {target_object}, put enphasis on it. Do

not include in the description information that is labeled

as uncertain.

21

22 Ensure your response follows the format below:

23 YAML_START # must be present to get the information back

24 attributes_of_the_image:

25 <attribute name >: "<attribute value >" # summarize all the

known attributes from the description , enclosed in " "

26 image_description_refined: <insert refined description > #

Ensure that the string does not contain a newline (\n) after

the tag image_description_refined:

27 YAML_END # must be present to get the information back

28

29 Provide your reasoning step -by-step , after the YAML_END tag."""

A.1.6 Pscore - Alignment score

1 P_score = """

2 You are an intelligent agent equipped with an RGB sensor ,

object detector , and Visual Question Answering (VQA) model.

3 Your goal is to identify a target {target_object} based on a

scene description and prior knowledge of the target.

4

5 Scenario:

6 The object detector has identified a scene containing a {

target_object}, and the VQA model has provided the following

description:

7

8 <START_OF_DESCRIPTION >

9 {distractor_object_description}

10 <END_OF_DESCRIPTION >
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11

12 Target object information:

13 Based on previous interactions , you know the target picture has

the following characteristics:

14 <START_TARGET_PICTURE_FACTS >

15 {facts_about_the_target_picture}

16 <END_TARGET_PICTURE_FACTS >

17

18 Task:

19 1. Similarity analysis.

20 Analyze how closely the detected scene description aligns with

the known facts about the target {target_object }. Provide a

similarity score between 0 and 10, where:

21 - 0 = The detected {target_object} is not the target object.

22 - 10 = The detected {target_object} is definitely the target

object.

23 - If no information about the target is available , the score

should be -1.

24

25 2. Question Generation:

26 - The question is for the target object , not the detected one.

27 - Ask exactly one specific , relevant , and human -answerable

question related to the target object that maximizes

information gain for identifying the target {target_object }.

28 - Do not ask speculative or irrelevant questions

29 - The question should be grounded in observable or known

details from the scene , focusing on key characteristics that

can help confirm or refute the identity of the target

object.

30

31 Ensure your response follows the format below:

32 YAML_START # must be present to get the information back

33 similarity_score: <similarity score >

34 questions:

35 <question_number >: <question_content >

36 YAML_END # must be present to get the information back

37

38 Provide your reasoning step -by-step for the similarity score

and questions , after the YAML_END tag."""
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A.2 AIUTA: Algorithm

Algorithm 1 outlines the complete AIUTA pipeline. Upon detecting a candidate

object, AIUTA first invokes the Self Questioner (Alg. A.2.1) module to obtain an

accurate and detailed understanding of the observed object and to reduce inaccuracies

and hallucinations, obtaining a refined observation description Sre f ined . Then, with

the known facts about the target instance and the refined description, AIUTA invokes

the Interaction Trigger module (Alg. A.2.2) for up to 4 iterations rounds. Within each

interaction round, if AIUTA returns the STOP action, then the policy π terminates

the navigation since the target instance is found; otherwise, the policy π continues

the navigation process.

Algorithm 1 AIUTA

Require: Target object facts F , Observation Ot , policy π , Candidate Object Detec-
tion, Max Iteration number

▷ Upon candidate object detection

1: Sre f ined ← Self_Questioner(F,Ot) ▷ enrich details and reduce inaccuracy, ob-

tain a refined description

2: if Sre f ined = “ " then

3: π(CONTINUE_EXPLORING) ▷ VQA detection failed, Signal to policy π

to continue exploration

4: for each iteration in Max_Iteration_Number do

5: aiuta_action← Interaction_Trigger(F,Sre f ined)
6: if aiuta_action = STOP then

7: π(STOP) ▷ Signal to policy π that the object is found! Terminate explo-

ration

8: else

9: π(CONTINUE_EXPLORING) ▷ Signal to policy π to continue explo-

ration
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A.2.1 Self Questioner

Algorithm 2 Self Questioner Module

Require: Target object facts F , Uncertainty Threshold τ , Observation Ot ,
Pinit ,Pdetails,Pcheck,Psel f questions,Pre f ined

1: Step 1: Detailed Detection Description, from Sinit to Senriched

2: Initial scene description: Sinit← VLM(Ot ,Pinit)
3: Self-generate questions to enrich description

Qdetails
a→a ← LLM(Pdetails,Sinit,F)

4: for each question q j in Qdetails
a→a do

5: ra→a← VLM(Ot ,q j) ▷ Get answers

6: Sinit← concatenate(Sinit,ra→a)
7: Senriched← Sinit ▷ Updated scene description

8: Step 2: Perception Uncertainty Estimation

9: (rcheck,ucheck)← VLM(Ot ,Pcheck) ▷ Check detection with uncertainty

10: if NOT (rcheck = “Yes" AND ucheck = “Certain") then

11: return “ " ▷ empty string, thus continue exploring

12: Qattribute
a→a ← LLM(Pself questions,F,Senriched) ▷ Generate self-questions to verify

attributes

13: Container←{} ▷ Store question, answer, uncertainty

14: for each question q j in Qattribute
a→a do

15: (r j,u j)← VLM(Ot ,q j) ▷ Get answers and uncertainties

16: Container← concatenate(Container,{q j,r j,u j})

17: Step 3: Detection Description Refinement

18: Srefined← LLM(Prefined,Container,Senriched) ▷ Filter out uncertain attributes

19: return Srefined
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A.2.2 Interaction Trigger

Algorithm 3 Interaction Trigger

Require: Target object facts F , Refined observation description Srefined, Pscore, τstop

and τskip

1: (s,qa→u)← LLM(Pscore,Srefined,F) ▷ get alignment score s, and question for

the human qa→u

2: if s≥ τstop then

3: return STOP ▷ target found, stop navigation.

4: else if s < τskip then

5: return CONTINUE_EXPLORING ▷ skip the question and continue explor-

ing

6: else

7: ru→a← Ask_Human(qa→u) ▷ posing clarifying question qa→u from the

agent to the human.

8: F ← Update_Facts(F,ru→a) ▷ update target object facts F
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