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Figure 1. CoIN task illustration. A human provides a request (“Find the picture”) in natural language. The agent has to locate the object
in a completely unknown environment without any target image as input, interacting with the user only when needed via template-free,
open-ended natural-language dialogues. Our method, Agent-user Interaction with UncerTainty Awareness (AIUTA), minimizes user
interactions by equipping the agent with two modules: a Self-Questioner and an Interaction Trigger. The Self-Questioner leverages a
LLM and VLM in a self-dialogue to describe the agent’s observation and then extract additional relevant details, with a novel entropy-based
technique to reduce hallucinations and inaccuracies, producing a refined detection description. The Interaction Trigger uses this refined
description to decide whether to pose a question to the user (①,③,④), continue the navigation (②) or halt the exploration (⑤).

Abstract

Language-driven instance object navigation assumes that a
human initiates the task by providing a detailed description
of the target to the embodied agent. While this description is
crucial for distinguishing the target from other visually simi-
lar instances, providing it prior to navigation can be demand-
ing for humans. We thus introduce Collaborative Instance
object Navigation (CoIN), a new task setting where the agent
actively resolves uncertainties about the target instance dur-
ing navigation in natural, template-free and open-ended dia-
logues with the human, minimizing user input. We propose
a novel training-free method, Agent-user Interaction with
UncerTainty Awareness (AIUTA), which operates indepen-
dently from the navigation policy, and focuses on the human-
agent interaction reasoning using Vision-Language Models

(VLMs) and Large Language Models (LLMs). First, upon ob-
ject detection, a Self-Questioner model initiates internal self-
dialogues within the agent to obtain a complete and accurate
observation with a novel uncertainty estimation technique.
Then, an Interaction Trigger module determines whether to
ask a question to the human, continue, or halt navigation.
For evaluation, we introduce CoIN-Bench, with a curated
dataset designed for challenging multi-instance scenarios.
CoIN-Bench supports both online evaluation with humans
and reproducible experiments with simulated user-agent in-
teractions. On CoIN-Bench, we show that AIUTA serves as
a competitive baseline, whereas existing language-driven in-
stance navigation methods struggle in multi-instance scenes.

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

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Recent advances in Large Language Models (LLMs) and
Vision-Language Models (VLMs) have significantly reinvig-
orated research on language-driven navigation tasks [1, 3,
19, 23, 56], where a human engages with embodied agents
via natural language only, the most intuitive human-agent
interaction among other forms (e.g., visual reference [73]).
In this paper, we focus on the language-driven Instance
Object Navigation (InstanceObjectNav) task [19, 23], a prac-
tical task where the agent aims to locate a specific instance
within an unknown 3D scene, based on a detailed instance
description (differently from ObjectNav [6] where any ob-
ject of a category can be located). 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 essen-
tial to uniquely identifying the target amid visual ambiguity.
However, the standard language-driven InstanceObjectNav
task assumes that the detailed instance description is pro-
vided upfront, before navigation begins. This assumption
can be demanding and impractical in real world, as users
may unable or unwilling to supply all details in advance.

We introduce the Collaborative Instance object
Navigation (CoIN) task, which engages a human user
via natural-language dialogues to resolve instance visual
ambiguity during navigation. CoIN enables human users to
initiate the InstanceNav task without providing extensive
instance description. For instance, the user can just specify
the instance category, e.g., “Find the picture”, a challenging
minimal-guidance scenario. Notably, CoIN introduces,
for the first time, template-free, open-ended human-agent
dialogues, a significant departure from the templated
question-answer pairs used in prior work [12]. Instead, our
agent engages in dialogue solely based on the understanding
gained during navigation. Within CoIN, two key research
questions arise: 1) When and 2) How should agent-user
interaction occur? To address the “When”, the agent must
develop an internal model of its perceived environment
to determine the optimal moments for seeking assistance
from the user, resolving ambiguities effectively. To address
the “How”, the agent must formulate the most informative
questions to maximize its chances of locating the target.

We introduce a novel zero-shot approach called Agent-
user Interaction with UncerTainty Awareness (AIUTA).
AIUTA equips the agent with two onboard modules, the
Self-Questioner and the Interaction Trigger, leveraging pre-
trained VLMs and LLMs without additional training. The
Self-Questioner enables the agent to autonomously generate
self-dialogues to inquire additional target-relevant details,
and verify essential details with a novel technique for uncer-
tainty estimation. As shown in Fig. 1, upon detection, the
LLM first prompts the VLM to obtain an initial detection
description which can be incomplete and inaccurate. To

enrich with target-relevant details, the LLM further gener-
ates questions for the VLM, whose responses complement
the initial description. However, since VLMs cannot guar-
antee accurate responses grounded in the visual counter-
part [28, 41, 58], we further prompt the LLM to generate
sanity-check questions about all relevant details (e.g., “Is
the wall light-blue?”). We instruct the VLM’s response to
be either Yes, No or I don’t know, proposing a novel
Normalized-Entropy-based technique to quantify the VLM
uncertainty. Finally, the Interaction Trigger module lever-
ages the LLM to predict an alignment score between the
refined detection description and the known target’s facts
acquired from previous agent-human dialogues, if any. With
the score, the module decides whether to continue navigation,
terminate it, or ask human clarifying questions.

To evaluate CoIN, we propose the first benchmark, CoIN-
Bench, with a curated dataset that specifically focuses on the
visual ambiguity challenge in CoIN. The dataset is created
on top of the recent large-scale GOAT-Bench [19], where
we only consider episodes involving multiple instances in
a scene, with high-quality visual observations on the target.
In total, CoIN-Bench consists of 1, 649 evaluation episodes,
with on average five distractors (non-target instances of the
same category) per episode. Our benchmark supports on-line
evaluation with humans and reproducible evaluation via sim-
ulated user-agent interactions. We empirically show that the
simulated user-agent interaction yields results that are in line
with human evaluation. Using CoIN-Bench, AIUTA, while
being training-free, outperforms state-of-the-art InstanceOb-
jectNav methods trained on the dataset in the zero-shot set-
ting, in terms of success rate and path efficiency. Finally, to
evaluate VLM uncertainty estimation, we introduce the “I
Don’t Know Visual Question Answering” (IDKVQA). On ID-
KVQA, our proposed Normalized-Entropy-based technique
outperforms recent competitors [29], being a more reliable
uncertainty measure.
Paper Contributions are summarized as follows:
• We introduce CoIN, a practical InstanceObjectNav set-

ting that minimizes human input through agent-human
dialogues during navigation.

• We propose AIUTA, a training-free method addressing
CoIN, using self-dialogues within the agent to reduce per-
ception uncertainty and minimize agent-user interactions.

• We propose a novel Normalized-Entropy-based technique
to quantify VLM perception uncertainty. Using IDKVQA
dataset, we show improved reliability over baselines.

• We present CoIN-Bench, a benchmark for CoIN with chal-
lenging multi-instance scenarios, enabling reproducible
evaluation via VLM-simulated user and real human.

2. Related Works
Instance Object Navigation. InstanceObjectNav extends
the Object-Goal navigation (ObjectNav) [2, 5] task. Un-
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Figure 2. Graphical depiction of AIUTA: left shows its interaction cycle with the user, and right provides an exploded view of our method.
① The agent receives an initial instruction I: “Find a c =<object category>”. ② At each timestep t, a zero-shot policy π [63], comprising a
frozen object detection module [27], selects the optimal action at. ③ Upon detection, the agent performs the proposed AIUTA. Specifically,
④ the agent first obtains an initial scene description of observation Ot from a VLM. Then, a Self-Questioner module leverages an LLM to
automatically generate attribute-specific questions to the VLM, acquiring more information and refining the scene description with reduced
attribute-level uncertainty, producing Srefined. ⑤ The Interaction Trigger module then evaluates Srefined against the “facts” related to the
target, to determine whether to terminate the navigation (if the agent believes it has located the target object ⑥), or to pose template-free,
natural-language questions to a human ⑦, updating the “facts” based on the response ⑧.

like ObjectNav, which seeks any instance of a given
category, InstanceObjectNav locates a specific instance.
While the instance can be given via an image [20], we
focus on users describing the target only in natural lan-
guage. Recent policies can be divided into two categories:
training-based [10, 19, 31, 44, 52, 64] and zero-shot poli-
cies [11, 21, 54, 63, 65, 68, 71]. Trained policies rely exclu-
sively on RL [19, 31, 52] or in conjunction with behavioral
cloning [44]. Vision-language-aligned embeddings offer a
promising alternative by enabling policies to incorporate de-
tailed natural language descriptions as input. For instance,
GOAT-Bench [19] employ CLIP embeddings as the goal
modality, while [31, 52] train on image-goal navigation [73]
and evaluate on the ObjectNav task. Among zero-shot
policies, several methods extend the frontier-based explo-
ration [62], by incorporating LLM reasoning [21, 65, 68, 71],
CLIP-based localization [11] or vision-language maps [53]
for frontier selections [63]. The recent [4] provides agents
with multimodal instance references, i.e., a set of images and
textual descriptions. Differently, we enable human-agent
interactions during navigation without any access to a target
image.
Interactive Embodied AI. Common approaches involve
agents asking users for help [55], with responses typically
consisting of shortest-path actions to target [7, 51] or simple
natural language sub-goals guiding navigation [30, 35, 36,
40, 45]. In [34, 47] authors proposed a framework to mea-
sure the uncertainty of an LLM-based planner, enabling the
agent to determine the next action or ask for help. [16] show
that LLMs can generate inner monologues when given envi-

ronmental feedback, improving planning in robotic control
scenarios. Both [12, 57] include a dialog-guided task com-
pletion benchmark using human-annotated question-answer
pairs collected via Amazon Mechanical Turk. In [37], agent
requests are limited to 3 fixed types. Similarly, [13] asks
templated questions focused on appearance, location, direc-
tion, while [74] asks “Should I go [dir] to the [obj]?” and
[26] adopts fixed-format templated multiple-choice Q&A.
ELBA [50] generates both oracle-based and model-based
templated questions from oracle answers. FindThis [32] only
lets the agent respond with candidate object images, without
the ability to ask questions or use free-form natural language.
In [9], the ZIPON task requires agents to find personalized
objects. However, personalized goals are manually anno-
tated, and the user, simulated by an LLM, can only reply
with this ground-truth data. Both [9, 32] rely on a pre-built
top-down semantic/occupancy map to locate the objects of
interest. In [34], requests are allowed only at predefined
location; the simulator then provides a natural language nav-
igation subtask and an image of the target. [69] relies on
manually defined disambiguation intents from the dataset to
decide for clarification, limiting real world applicability. In
contrast, our agent identifies the target instance only through
open-ended, template-free natural language dialogues with
the user.
Vision-Language Models Uncertainty. Hallucinations, bi-
ases, reasoning failures and the generation of unfaithful text
by LLMs are well-known issues [18]. [38] shows that truth-
ful information clusters in specific tokens, which can be
leveraged to enhance error detection performance. How-
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ever, these error detectors fail to generalize across datasets.
Similarly, recent studies highlight systematic limitations in
the visual capabilities of VLM [28, 58], leading them to
hallucinate or giving inaccurate answers to unanswerable
or misleading questions [41]. To this end, PAI [28] ampli-
fies attention weights on image tokens to prioritize visual
input. In [70], a linear probing on the logits distribution
of the first tokens determines whether visual questions are
answerable/unanswerable. CLARA [39] estimates LLMs
uncertainty via context sampling to distinguish between cer-
tain and uncertain commands. [72] introduces a VLM-LLM
dialogue for image captioning. In contrast, AIUTA uses the
self-dialogue for an embodied task, combining both observa-
tion and target facts for question generation, reducing hallu-
cinations with a novel uncertainty estimation technique.

3. Collaborative Instance Object Navigation
Collaborative Instance Object Navigation (CoIN) introduces
a novel setting for the InstanceObjectNav task, where an
agent navigates in an unknown environment to locate a spe-
cific target instance in collaboration with a human user via
template-free, open-ended and natural-language interactions.
The agent decides whether an interaction is needed to gather
necessary target information from the user during the navi-
gation. The objective of CoIN is to successfully locate the
target instance with minimal user input, reducing the effort
for the user in providing a detailed description.

Initially, the agent is positioned randomly in an unknown
3D environment [43]. The navigation starts upon receiv-
ing a user request I in natural language, which can be
as minimal as by only specifying an open-set category c,
e.g., “Find the <category>”. The agent does not have ac-
cess to any visual reference of the target instance. We as-
sume that the user is: (i) aware of the full details about
the target instance, and (ii) collaborative to provide the
true response when being asked by the agent. At each
time step t, the agent perceives a visual observation Ot

of the scene, allowing it to guide a policy π to pick an
action at ∈ A = {Forward 0.25m, Turn Right
15°, Turn Left 15°, Stop, Ask}, where Ask is
the novel action that comes with our CoIN task. When in-
voked, the agent asks the user a template-free open-ended
question qa→u in natural language to gather more informa-
tion about the target. With the user response ru→a, the agent
updates the set of facts (set of attributes and characteristics)
Ft, representing information derived exclusively from the
interaction. Formally, the updated set of facts is represented
as Ft = Ft−1 ∪ ru→a. The navigation terminates when
certain criteria are met, e.g., the agent selects the Stop ac-
tion or exceeds the maximum number of allowed actions.
Notably, the agent can move anywhere in the continuous en-
vironment [48]. CoIN is particularly relevant in challenging
scenarios where many visually ambiguous instances co-exist.

4. Proposed Method
Our proposed Agent-user Interaction with UncerTainty
Awareness (AIUTA), a module that enriches the agent, is
illustrated in Fig. 2. Upon receiving an initial user request
I with minimal guidance that only specifies the category,
e.g., “Find the picture” (① in Fig. 2), AIUTA updates the
known facts regarding the target instance, i.e., Ft=0 = {I}.
Then, it activates a zero-shot navigation method, VLFM [63],
perceiving the scene observation Ot and providing the navi-
gation policy (② in Fig. 2). VLFM constructs an occupancy
map to identify frontiers in the explored space, and a value
map that quantifies the semantic relevance of these frontiers
for target object localization using the pre-trained BLIP-
2 [22] model. Object detection is performed by Grounding-
DINO, an open-set object detector [27]. More details about
VLFM [63] in the Supp. Mat. (Sec. C.1).

AIUTA is triggered upon the detection of an object be-
longing to the target class (③ in Fig. 2), executing two
key components sequentially. First, the Self-Questioner
(Sec. 4.1) leverages a VLM and a LLM to obtain an ac-
curate and detailed understanding of the observed object via
self-questioning, enabling reliable verification of the detec-
tion against the target (④ in Fig. 2). Next, the Interaction
Trigger (Sec. 4.2), determines whether an agent-user interac-
tion is necessary (in such case, triggering the action Ask),
based on the observed object and known target facts Ft, and
whether the agent should halt (i.e., Stop) or proceed with
the navigation (⑤ in Fig. 2). In the case of Ask (⑦ in Fig. 2),
AIUTA updates the target facts Ft with the user’s response
(⑧ in Fig. 2). The agent end the navigation task once the
target instance is deemed to be found. The complete algo-
rithm can be found in Supp. Mat. (Sec. J). In the following,
Self-Questioner and Interaction Trigger are fully detailed.

4.1. Self-Questioner
Upon detection, the Self-Questioner component aims to ob-
tain a thorough and accurate description of the detected
object. As suggested by previous studies [28, 41, 58], gen-
erative VLMs may produce descriptions that are not fully
grounded on the visual content, leading to inaccuracy or
hallucination. To mitigate this issue, we leverage an LLM
to automatically generate attribute-specific questions for the
VLM. In particular, we propose a novel technique for es-
timating uncertainty in VLM perception, enabling the re-
finement of detection descriptions. The technique has three
steps: (i) generating an initial detection description with
detailed information relevant to target identification; (ii) esti-
mating VLM perception uncertainty to validate object detec-
tion; and (iii) refining the detection description by filtering
out uncertain attributes. Each step is detailed below.
Generation of the initial detection description. The agent
initially prompts the VLM for an initial description Sinit of
the observation Ot by providing the prompt Pinit = “De-
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scribe the <target object> in the provided image.” Formally,
Sinit = VLM(Ot, Pinit). The description Sinit returned
by the VLM could miss essential details for locating the spe-
cific instance, e.g., when looking for a picture, the content
of the picture itself may not be specified in the description.
To mitigate this issue, we prompt the LLM to create a list of
questions Qdetails

a→a = {qj} given Sinit and Ft (the symbol
Qa→a is used to represent the self-dialogue performed by
the agent). Formally, Qdetails

a→a = LLM(Pdetails, Sinit, Ft),
where Pdetails is the prompt guiding the question generation
to obtain more details (Supp. Mat. Sec. I.2). The ques-
tions of Qdetails

a→a are subsequently answered by the VLM.
Specifically, it answers each question qj ∈ Qdetails

a→a with
a response rj = VLM(Ot, qj) given the observation Ot.
Finally, we concatenate all responses to the initial detection
Sinit, obtaining an enriched detection description Senriched.
Perception uncertainty estimation. VLMs can generate
hallucinated or inaccurate content [28, 41, 58], impacting
the performance of AIUTA. To address this, we propose a
novel technique for estimating their perception uncertainty.
Direct evaluation of this aspect is challenging and often re-
quires architectural modifications. Instead, we employ a
prompt-guided Shannon entropy-based method for effective
assessment. Our goal is to measure the uncertainty u ∈ [0, 1]
of the VLM in perceiving specific aspects of a given image
through visual question answering: the VLM answers to a
specific question q with a response r and an associated uncer-
tainty estimation u, i.e., (r, u) = VLM(Ot, q). Following
the notation from [28], we consider an auto-regressive VLM,
where XI is the image representation (i.e., image tokens),
XP is the prompt representation (i.e., prompt text tokens),
and XH is the history representation (token generated at
previous time-steps). During inference, the VLM generates
a conditional probability distribution p over the vocabulary
y ∈ Rw at each time step, expressed as:

y ∼ pVLM(y | XI ,XV ,XH),

∝ softmax (logitVLM(y | XI ,XV ,XH)) .
(1)

Estimating the uncertainty of the VLM response is non-
trivial as the VLM has an unbounded output space and its
output probability distribution is over a (large) vocabulary
of size w. To address this issue, we leverage the standard
instruction-tuning [24] procedures for VLMs, utilizing a
predefined set of templated answers to restrict the vocabulary
size to a fixed, small w. In particular, during inference, we
use the following prompt: “<Question>? You must answer
with Yes, No, or ?=I don’t know.” In this way, we: (i)
bound the auto-regressive nature to be essentially a one-step
prediction, thus avoiding length-normalization; (ii) bound
the vocabulary size, i.e., w = 3. We then compute the
Shannon entropy [49] H of a probability distribution p over

vocabulary size w:

H(pVLM) = −
w∑
i=1

p(yi) log p(yi). (2)

The VLM uncertainty u is then obtained by normalizing
the entropy H within the range [0, 1] as u = H

Hmax
, where

Hmax = log(w) is the maximum entropy (i.e., maximum
uncertainty) over a vocabulary of size w.

Given a threshold τ , we can indicate if the answer is
Certain or Uncertain, namely:

C(u, τ) =

{
Certain, u ≤ τ

Uncertain, u > τ
(3)

To reduce false positives, we use the prompt Pcheck = “Does
the image contain a <target object>? Answer with Yes, No
or ?=I don’t know.” (see Supp. Mat. Sec. I.3). This allows
us to confirm the presence of the object, which we formally
express as (rcheck, ucheck) = VLM(Ot, Pcheck). Following
Eq. 3, we continue the AIUTA pipeline if response rcheck =

“Yes” and uncertainty ucheck = Certain; otherwise, we
continue exploring.

To remove uncertain attributes, we prompt the LLM to
extract a set of attributes and values Kt = {(kj , vj)} from
the detection description Senriched, where each attribute kj
is associated to a value vj , e.g., (“frame”, “black”); (“con-
tent”, “RGB image of a family”), etc. For each attribute kj ,
we then prompt the LLM to generate a list of J questions,
Qattribute

a→a = {qj}Jj=1 to be answered by the agent itself.
Formally, we extract attributes list and self-questions in one
prompt, Qattribute

a→a = LLM(Pselfquestions, F, Senriched),
where Pselfquestion is the prompt for the LLM (Supp. Mat.
Sec. I.4). For each question qj , we access both the re-
sponse rj and the associated uncertainty uj by evaluating
(rj , uj) = VLM(Ot, qj). This process allows us to con-
firm or refine the attributes based on the VLM’s responses,
obtaining a final detailed description Srefined.
Detection description refinement. To obtain the fi-
nal detailed description Srefined, we let the LLM fil-
ter out uncertain attributes, given the enriched descrip-
tion Senriched and the set of questions, responses, and
uncertainties {qj , rj , uj}. More formally, Srefined =
LLM(Prefined, {qj , rj , uj}, Senriched), where Prefined is
the prompt for the LLM (see Supp. Mat. Sec. I.5).

4.2. Interaction Trigger
Using the accurate and detailed description Srefined of the
detected object, the Interaction Trigger prompts the LLM
to decide whether to pose a question to the human user or
continue the navigation. Specifically, we prompt the LLM
to estimate a similarity score s between scene description
Srefined and target object facts Ft. We instruct the LLM to
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estimate the similarity score based on the alignment between
the detection description and the known facts. Formally,
s = LLM(Pscore, Srefined, Ft), where Pscore is prompt
instructing the LLM to produce the similarity score (Supp.
Mat. Sec. I.6). Based on the LLM-estimated similarity
score, the agent takes corresponding action based on the
following intuition: (i) if s ≥ τstop, the navigation terminates
as the agent deems the instance has been found; (ii) if s <
τskip, the agent deems the detected object is significantly
different from the known target facts, thus skipping the agent-
user interaction to reduce the user efforts in providing input.
The agent will continue with the environment exploration;
and (iii) if τskip ≤ s < τstop, the description and facts are
somewhat aligned, suggesting that posing a question to the
user can effectively reduce uncertainty.

When taking the action Ask, we further leverage the ca-
pability of LLM to compose an effective question to the
user, qa→u, aimed at maximizing information gain about the
target instance, conditioned on the know target object facts
F and the refined observation description Srefined. To mini-
mize the number of LLM calls, we incorporate such question
retrieval inside the Pscore prompt. After receiving the cor-
responding response from the human, ru→a, we update the
target object facts Ft with new information, maximizing the
effectiveness of later agent-human interactions.

5. CoIN-Bench
To facilitate the evaluation of CoIN, we introduce CoIN-
Bench, a curated dataset that features challenging multi-
instance scenarios, supports both human evaluation and sim-
ulated agent-user interactions, and includes a new perfor-
mance metric that accounts for agent-user interactions.
Dataset Construction. Our dataset is built upon the
large-scale GOAT-Bench [19], which spans diverse scenar-
ios from the HM3DSem [43] using the Habitat sim [48].
GOAT-Bench provides instance references in various for-
mats, including category names and natural-language de-
scriptions, making it a suitable source dataset. GOAT-Bench
consist of a large Train split for policy training, and
three eval splits: Val Seen, Val Seen Synonyms
and Val Unseen. Specifically, Val Seen includes ob-
jects seen in Train, Val Seen Synonyms introduces
synonymous object names, and Val Unseen contains only
novel objects absent from Train. Since GOAT-Bench’s
Train split is dedicated to policy training, we design CoIN-
Bench exclusively for evaluation.

We select episodes from the evaluation splits of GOAT-
Bench, i.e., Val Seen, Val Seen Synonyms and
Val Unseen to ensure fair comparison with methods
trained on GOAT-Bench. Since CoIN focuses on scenarios
with multiple instances of the same target category (i.e., dis-
tractors), we apply a filtering procedure to discard episodes
with fewer than dmin = 2 distractors. After filtering the

episodes, the simulator [48] sets random start positions to
the agent, ensuring a geodesic distance of [5m, 20m] be-
tween the start and target locations to vary navigation diffi-
culty. Moreover, since visual observation are 3D renderings
whose quality is dependent on the scene reconstruction, we
manually filter out episodes to ensure high-quality visual
observations, removing those where target instances have in-
sufficient resolution, limited visual coverage, or are indistin-
guishable from distractors. Additionally, we ensure episodes
are navigable without crossing floors, following [19, 61].
CoIN-Bench dataset includes 831 episodes in Val Seen,
459 in Val Unseen and 359 in Val Seen Synonyms,
with a total of 1, 649 evaluation episodes, in line with the
evaluation scale of well-known datasets [5, 19, 20]. As
shown in Tab. 1, CoIN-Bench features an average of ∼ 5
distractors per episode, and a mean path length > 7, forming
a highly challenging multi-instance evaluation set. More
details and statistics are provided in Supp. Mat. (Sec. A).
Evaluation protocol. CoIN-Bench supports evaluation with
both real humans, to assess the potential and limitation of
genuine agent-human interactions, and simulated user-agent
interactions, to enable extensive, reproducible and large-
scale experiments. Simulating agent-human interactions is
challenging due to: (i) the agent’s open-ended, template-free
questions about any target attribute, making it impractical
to predefine a comprehensive question-answer dataset, and
(ii) the huge question space in the simulated continuous en-
vironment [48]. To address this, we propose to simulate user
responses via a VLM with access to a high-resolution image
of the target object (1024 × 1024) at each episode. This
setup is more effective than relying solely on instance de-
scriptions [9], as the comprehensive visual coverage allows
for diverse responses to the agent’s questions.
Metrics. An episode is successful if the agent stops within
0.25m of the target goal viewpoints. If not located, the ex-
ploration ends after 500 actions. Following [2, 61], we use:
Success Rate, SR (↑), our primary metric (in gray), and Suc-
cess 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.

6. Experiments
We first benchmark AIUTA against state-of-the-art (SOTA)
methods [19, 52, 63, 64] on CoIN-Bench, with simu-
lated user-agent interactions, highlighting that CoIN-Bench
present a challenging evaluation set for training-free and

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)

Table 1. Avg. (std) number of distractors and distance to the goal.
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Method Model Condition Val Seen Val Seen Synonyms Val Unseen

Input Training-free SR ↑ SPL ↑ NQ ↓ SR ↑ SPL ↑ NQ ↓ SR ↑ SPL ↑ NQ ↓

Monolithic† [19] (CVPR-24) d ✗ 6.62† 3.11 - 13.09† 6.45 - 0.22† 0.05 -
PSL [52] (ECCV-24) d ✗ 8.78 3.30 - 8.91 2.83 - 4.58 1.39 -

OVON† [64] (IROS-24) c ✗ 8.18† 5.24 - 15.88† 11.35 - 2.61† 1.29 -

VFLM [63] (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

Table 2. 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.

training-based methods. Next, we conduct an evaluation on
a small validation set using both real human and simulated
user-agent interactions, demonstrating that the simulation
setup serves as a viable alternative to real human evaluation,
enabling scalable and reproducible experiments. Finally, ab-
lation studies validate AIUTA design choices, and showcase
the effectiveness of the Normalized-Entropy-based technique
for estimating VLM uncertainty, outperforming recent base-
lines [29, 70] on the IDKVQA dataset.
Implementation Details. We use [25] (LLaVA 1.6, Mistral
7B) as the VLM and GPT-4o [17] as the LLM. User interac-
tion is limited to a maximum of 4 rounds. We empirically
set τ = 0.75 (Eq. 3), τstop = 7 and τskip = 5 as they yield
the best result. In Supp. Mat., see Sec. I for all prompts and
Sec. D for AIUTA’s computational analysis.
Baselines. We compare AIUTA against SOTA Instance Nav-
igation and ObjectNav methods: the SenseAct-NN Mono-
lithic Policy (Monolithic) [19], PSL [52], OVON [64] and
the zero-shot, training-free VLFM [63].

To demonstrate the challenging nature of our dataset,
we include two baselines, Monolithic [19] and OVON [64],
which are trained on GOAT-Bench. Again, note that the
“Seen” splits contains categories seen during training (Sec. 5).
PSL is trained on the ImageNav task and transferred on the
language-driven Instance navigation task. Notably, both
Monolithic and PSL take a fully detailed description d of the
target instance as input, while OVON [64] takes the target
category c. Finally, VLFM operates in a zero-shot, training-
free manner, while taking category c in input. All baselines
are detailed in Supp. Mat. Sec. C. Tab. 2 summarizes the
input types and training conditions on CoIN-Bench.
Results with simulated user-agent interaction. As
shown in Tab. 2, training-based methods perform better
on Val Seen and Val Seen Synonyms than on Val
Unseen, highlighting their poor generalization to novel
categories. This phenomenon is particularly pronounced
on policies trained on GOAT-Bench (denoted with †), with
performance dropping significantly—OVON’s SR decreases
from a maximum of 15.88 to 2.61, and Monolithic’s SR
drops from 13.09 to 0.22. In contrast, AIUTA, while being

training-free, outperforms training-based methods on Val
Unseen, with consistent and strong results in all the splits.
Interestingly, on the Val Seen Synonyms, AIUTA is
inferior to OVON, but outperforms PSL and Monolithich
in SR and SPL. This is surprising, as PSL and Monolithic
are training-based and operate with detailed instance de-
scriptions. One possible explanation is that CLIP-based ap-
proaches is limited in encoding fine-grained instance descrip-
tion compared to category [11, 19]. Moreover, compared to
the results reported on GOAT-Bench, the lower SR of the
baselines, e.g. Monolithic [19] on CoIN-Bench, highlights
the introduced challenge of multi-instance ambiguity.

In particular, our closest competitor VLFM [63], when
using only the instance category as input, fails nearly all eval-
uation episodes, with almost 0% SR across all splits. This is
expected, as the large amount of distractor objects (Tab. 1)
poses significant challenges for ObjectNav methods, which
lack instance-level discrimination capabilities. Further anal-
ysis of VLFM 0% SR can be found in Supp. Mat. Sec. F. In
contrast, despite being built on top of VLFM and taking only
the instance category, AIUTA effectively gather additional
information from the user to identify the correct instance, re-
quiring minimal agent-user interaction (NQ< 2 for all splits).
This results in a substantial improvement in SR, achieving an
outstanding ∼ 14× increase on Val Seen Synonyms,
∼ 7× on Val Seen, and ∼ 7× on Val Unseen. We
show AIUTA’s question diversity in Supp. Mat. Sec. G.
Validation with real human. To validate that simulated
user-agent interactions yield credible results, we further con-
duct evaluation with real human on a small subset of CoIN-
Bench. We randomly select 40 episodes with detectable
target instances across all splits to minimize time and cogni-
tive load. As a result, the SR for this set are higher compared
to those reported in Tab. 2. We engage 20 participants of
varying ages and backgrounds, each evaluating two episodes.
Participants are provided an image depicting the target in-
stance and interact with the agent via a chat-like interface
(see aiuta demo.mp4 in the supplementary materials). They
initiates the navigation via the fixed template “Find the
<category>”, and answer the agent’s questions in natural
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User type CoIN-Bench subset

SR ↑ SPL ↑ NQ ↓

Simulated 42.50 15.48 1.10
Real Human 42.50 17.44 1.29

Table 3. Real human vs simulated user-agent interaction.

Self-Questioner Skip-Question Ablation split

SR ↑ SPL ↑ NQ ↓

✗ ✗ 9.21 5.86 3.57
✗ ✔ 8.55 4.84 2.69
✔ ✗ 9.87 6.5 4.6

✔ ✔ 14.47 7.22 1.68

Table 4. Ablation of components in AIUTA on the Train split.

language. More details about human evaluation in Supp.
Mat. Sec. E. The human results is compared against with
simulated user-agent interactions in Tab. 3. We observe no
significant differences in main metrics, confirming that the
simulation setup is reliable for reproducible evaluation.
Ablation I: AIUTA components. We introduce the Ablation
split, derived from the largest GOAT-Bench Train split,
following the procedure in Sec. 5. We select GOAT-Bench
Train as it covers more semantic categories. Since AIUTA
is training-free, validation remains fair. Tab. 4 highlights the
importance of the Self-Questioner and Skip-Question (within
the Interaction Trigger). Without both (row 1), SR drops
to 9.21%, with a high number of questions NQ. Removing
only the Self-Questioner (row 2) lowers the SR, reducing
NQ, as expected. Enabling only the Self-Questioner (row
3) improves SR to 9.87%, but keeps NQ high. With both
components active (row 4), SR peaks at 14.47%, and NQ
drops to 1.68, proving both effectiveness and efficiency.
Ablation II: VLM uncertainty estimation on IDKVQA.
VLM uncertainty estimation is crucial for the Self-
Questioner module, helping the agent to mitigate halluci-
nations and inaccuracies. For validating these techniques,
we introduce IDKVQA, a VQA dataset with 502 ques-
tions and 102 images from GOAT-Bench [19]. Each ques-
tion is answered by three annotators who choose from
{Yes, No, I Don’t Know}, allowing the agent to ab-
stain when information is insufficient. We compare our
Normalized-Entropy-based technique against three recent
techniques: MaxProb (selects the answer with the highest
predicted probability); an energy score-based framework
for out-of-distribution detection [29]; and LP [70], a recent
logistic regression model trained as a linear probe on the
logits distribution of the first generated token. Tab. 5 re-
ports the performance using the Effective Reliability metric
Φc proposed in [60]. Our proposed technique achieves the
best Φc=1 score of 21.12, demonstrating its effectiveness.

VLM Model Selection Function Φc=1

LLaVA llava-v1.6-mistral-7b-hf
MaxProb 15.94
LP [70] 14.01

Energy Score [29] 20.45

Normalized Entropy (ours) 21.12

Table 5. Results of different selection functions and their corre-
sponding Effective Reliability rate Φc=1 on the IDKVQA dataset.
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Figure 3. τ sensitivity results. For each method, 30 new τ values
are sampled symmetrically around the optimal threshold τ∗. The
x-axis shows the set size as a percentage of the original IDKVQA
dataset size, while the y-axis displays the normalized ER Φc=1.

Further details in the Supp. Mat. (Sec. H).
Ablation III: τ . We analyze the sensitivity of the threshold
(τ in Eq. 3) for our Normalized-Entropy-based technique and
second-best performing Energy Score [29]. We subsample
the datasets to 50%, 70%, and 100% of its original size. For
each subsampled dataset, we find the optimal threshold τ∗

and evaluate its sensitivity by testing Φc=1 on 30 alternative
thresholds around τ∗, normalizing it between 0 and 1. As
shown in Fig. 3, our technique has a smaller interquartile
range and a tighter distribution of Φc=1, while [29] exhibits
a greater degradation from τ∗, which worsens as the dataset
size decreases. This proves that our technique is more ro-
bust in data-scarce situations, and is less sensitive to small
variations in τ . Moreover, [29] depends on logits, thus being
unbounded. On the contrary, our uncertainty is normalized,
i.e. u ∈ [0, 1], making optimal τ selection more efficient.

7. Conclusion

We introduced the CoIN task, where the agent collaborates
with the user during navigation to resolve uncertainties about
the target instance. Trough extensive experiments, we show
that existing trained method fails to generalize to unseen
categories, while our training-free AIUTA, using a novel
self-dialogue mechanism and uncertainty estimation, per-
forms strongly across all validation splits. Moreover, our
simulated user-agent interaction matches human eval, en-
abling scalable, reproducible experiments. Future works
will investigate model optimization for embodied deploy-
ment, limiting inference cost, and extend interactions scope
to action instructions.
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