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Abstract

The performance of egocentric AI agents is fundamentally
limited by multimodal intent ambiguity. This challenge arises
from a combination of underspecified language, imperfect
visual data, and deictic gestures, which frequently leads to
task failure. Existing monolithic Vision-Language Models
(VLMs) struggle to resolve these multimodal ambiguous in-
puts, often failing silently or hallucinating responses. To ad-
dress these ambiguities, we introduce the Plug-and-Play
Clarifier, a zero-shot and modular framework that decom-
poses the problem into discrete, solvable sub-tasks. Specif-
ically, our framework consists of three synergistic modules:
(1) a text clarifier that uses dialogue-driven reasoning to in-
teractively disambiguate linguistic intent, (2) a vision clar-
ifier that delivers real-time guidance feedback, instructing
users to adjust their positioning for improved capture qual-
ity, and (3) a cross-modal clarifier with grounding mechanism
that robustly interprets 3D pointing gestures and identifies
the specific objects users are pointing to. Extensive experi-
ments demonstrate that our framework improves the intent
clarification performance of small language models (4–8B)
by approximately 30%, making them competitive with signif-
icantly larger counterparts. We also observe consistent gains
when applying our framework to these larger models. Fur-
thermore, our vision clarifier increases corrective guidance
accuracy by over 20%, and our cross-modal clarifier improves
semantic answer accuracy for referential grounding by 5%.
Overall, our method provides a plug-and-play framework that
effectively resolves multimodal ambiguity and significantly
enhances user experience in egocentric interaction.

Introduction
Egocentric AI agents, particularly those embedded in wear-
able devices such as AI glasses, are emerging as a new and
significant area of human-computer interaction. The goal
is to develop an always-on cognitive partner that perceives
the world from the user’s first-person perspective. Such an
agent could understand user goals and provide seamless
assistance for daily physical tasks, including assembling
furniture, cooking complex recipes, or navigating unfamil-
iar environments. By operating from this viewpoint, these
agents can deliver contextually-rich, proactive support that is
tightly integrated with the user’s activities (Li et al. 2025a).
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Is this a good gi� ?

Move camera upward.  
For who? Occasion? Budget? ...

A male sophomore, birthday,
sufficient budget ...

(b) Plug-and-Play Clarifier

Q1: text Q2: vision Q3: cross-modal
 unclearA building block or toy train set ... designed

for young children ... It is a good gi� for a
child aged 3–8 who enjoys crea've or
building toys ... It is an affordable and
interac've gi�, priced around $40, with
educa'onal or STEM elements ...

(a) Multimodal Intent Ambiguity

Is this a good gi� ?

guess-based, black-boxed, 
and unhelpful !

(Update input)

 [I see user is pointing ...]

Figure 1: Our Clarifier framework resolves the multimodal
ambiguous query, “Is this a good gift?” (a) Multimodal In-
tent Ambiguity: A standard AI defaults to a guess, making
assumptions about the recipient (e.g., a child), their interests,
and the user’s budget. This “black box” approach is unhelp-
ful because if the assumptions are wrong, the recommen-
dation is useless. (b) Plug-and-Play Clarifier: Our system
avoids guessing. It first identifies that key information (re-
cipient, occasion, budget), missing visual context, and point-
ing gestures between modalities. It then proactively asks
clarifying questions and provides camera feedback (”For
who? Move camera upward...”). Once the user provides the
necessary context, the system can deliver a relevant and gen-
uinely helpful recommendation.

However, this vision faces a fundamental challenge: mul-
timodal intent ambiguity. Unlike interactions with text-
based chatbots, egocentric interaction is inherently noisy,
fast-paced, and underspecified. A simple spoken command,
such as “What about that one?”, is inherently ambiguous.
Which object is “that one”? Is the object of interest clearly
visible, or is it blurry or partially occluded in the camera
feed? This ambiguity stems from a combination of sources:
underspecified natural language, imperfect visual data from
the wearable camera, and deictic gestures like pointing
(Huang et al. 2016). As a result, even state-of-the-art AI as-
sistants frequently misinterpret user intent, leading to frus-
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trating and unproductive task failures (Gabriel et al. 2024;
Weidemann and Rußwinkel 2021).

Current approaches, dominated by monolithic end-to-end
Vision-Language Models (VLMs), fall short in robustly ad-
dressing this challenge (Huang et al. 2025). While large
models like GPT-4o demonstrate strong general multimodal
understanding, they function as opaque “black boxes.”
When presented with ambiguous, mixed-signal inputs, they
tend to “hallucinate” an interpretation or fail silently, as they
lack a mechanism to proactively seek clarification. Requir-
ing a single, massive model to concurrently manage linguis-
tic interpretation, spatial reasoning, and visual quality as-
sessment is inherently brittle. This approach is also com-
putationally expensive, making it a poor fit for resource-
constrained wearable devices.

To overcome these limitations, we propose a shift from
monolithic reasoning to a structured, modular, and interac-
tive approach. We introduce the Plug-and-Play Clarifier,
a zero-shot, multimodal framework that resolves ambigu-
ity in egocentric interactions. Instead of relying on a single
model’s opaque reasoning, our framework decomposes the
problem into discrete sub-tasks managed by an explicit, pro-
grammatic control loop. This architecture integrates three
core modules: (1) a text clarifier with dialogue-driven rea-
soning that clarifies user intent through a structured, step-by-
step conversation; (2) a vision clarifier that assesses visual
input quality (e.g., framing, clarity) and provides real-time
corrective feedback; and (3) a cross-modal clarifier with
grounding mechanism that interprets 3D pointing gestures
by casting a geometric ray into the scene to localize the
referenced object. Our framework enhances existing foun-
dation models without requiring fine-tuning. This modular
approach proves more robust and efficient than end-to-end
black-box models for complex real-world tasks. Our code
and demos are available online1. We summarize our contri-
butions as follows: (1) We propose a zero-shot and plug-and-
play framework that resolves multimodal intent ambiguity in
egocentric interaction through problem decomposition and
interactive clarification. (2) We show that our framework
improves the intent clarification accuracy of small language
models (4–8B) by 30% on textual tasks, making them com-
petitive with much larger models. (3) On our newly intro-
duced VRA-Ego benchmark, we demonstrate that our in-
dividual modules achieve significant improvements: the vi-
sion clarifier increases corrective guidance accuracy by over
20%, and the cross-modal clarifier with 3D pointing module
improves semantic grounding accuracy by 5%, outperform-
ing strong monolithic baselines. (4) We validate that a hybrid
architecture combining the generative capabilities of LLMs
with algorithmic modules is a more robust, efficient, and in-
terpretable approach for building reliable egocentric AI.

Related Work
Intent Clarification in Dialogue Systems
The field of intent clarification has moved from traditional
approaches, such as programmatic slot-filling and templated

1https://github.com/YoungSeng/plug-and-play-clarifier

questions (Zhang et al. 2025a,b; Li, Wu et al. 2025), to-
wards end-to-end systems that use Large Language Models
(LLMs) (Zhang et al. 2024a; Qian et al. 2024). To address
the inconsistent performance of basic prompting methods
like Chain-of-Thought (CoT), subsequent work has focused
on incorporating more structure. For example, some meth-
ods require the LLM to first determine the type of ambigu-
ity before generating a response (Tang, Soulier, and Guigue
2025). Others involve developing system-level frameworks
that use specialized classifiers (Tanjim, Chen et al. 2025)
or Bayesian inference (Wen et al. 2025) to guide the clar-
ification process. Recent benchmarks (Li et al. 2025b) and
datasets (Aliannejadi et al. 2021) support a move towards
more structured and interpretable disambiguation, yielding
specialized frameworks for enterprise (Murzaku et al. 2025)
and knowledge-graph applications.

Despite these advances, existing work largely falls into
two categories. The first is end-to-end LLM solutions, which
can lack transparency and rely heavily on the model’s
own reasoning capabilities (Nguyen et al. 2025; de Car-
valho Souza, Souza, and Weigang 2025). The second is ap-
plications designed for text-only scenarios, such as travel
planning (Zhang et al. 2024b; Wang, Ning et al. 2025) or e-
commerce (Dammu, Alonso, and Poblete 2025). In contrast,
we introduce a hybrid approach that uses a programmed,
zero-shot external control loop to guide the clarification pro-
cess. This architecture provides transparency and control
by design, while reducing the reasoning load placed on the
LLM. Furthermore, we are the first to apply such a frame-
work to the challenging domain of multimodal, first-person
interactions in the physical world, extending intent clarifica-
tion beyond traditional text-based interfaces.

Egocentric Vision and Interaction
Egocentric Vision (EGV) provides a first-person perspective
to infer user intent from tasks such as action recognition (Sh-
iota et al. 2024), hand-object interaction (Xu et al. 2023,
2025), and scene understanding (Li et al. 2025a). This has
led to large-scale projects like EgoLife and EgoM2P, which
aim to build assistive agents from complex, real-world mul-
timodal data (Tu et al. 2025). However, a key challenge in
EGV is that its data is inherently noisy and ambiguous, un-
like the curated data used in standard VQA or VLM bench-
marks (Fan 2019; Perrett et al. 2025). Even state-of-the-art
models like Gemini Pro struggle with it, revealing the lim-
itations of current VLMs when processing uncurated, real-
world egocentric video (Google DeepMind 2025).

Pointing gestures are a critical signal in Egocentric Vision
(EGV) (Das 2021). While modern systems integrate ges-
tures with language for 3D scene understanding (Mane et al.
2025), many earlier approaches were limited. For instance,
some work relied only on the 2D screen position of a finger-
tip (Huang et al. 2015, 2016). This simplification ignores the
3D pointing vector, which is essential for determining what
a person is referring to. As a result, the ambiguity inherent
in the pointing action itself remained largely unaddressed.

Most existing research passively attempts to interpret
noisy and ambiguous inputs, with a recent trend of proac-
tive agents only just beginning to emerge (Lu et al. 2025b).



In contrast, we propose a proactive interaction framework.
Rather than analyzing potentially flawed data after the fact,
our system actively identifies input ambiguity—such as an
imprecise pointing gesture—and uses real-time multimodal
feedback to guide the user toward providing a clearer, more
reliable input. We argue this shift from passive processing to
active guidance is a key step toward more robust and intu-
itive first-person interactive systems (Zhang et al. 2025c).

Multimodal Reasoning with Large Models
While state-of-the-art Vision-Language Models (VLMs)
like GPT-4o (Hurst et al. 2024), Gemini 2.5 Pro (Google
DeepMind 2025), and Grok-3 (xAI 2025) perform well on
general multimodal tasks (Bai et al. 2025), they are known
to be unreliable for tasks requiring precise spatial or geo-
metric reasoning, often leading to hallucinations (Mouseli-
nos, Michalewski et al. 2024; Feng, Denny et al. 2024;
Huang et al. 2025; Ramachandran et al. 2025). One line
of work addresses this by improving the monolithic mod-
els themselves, for instance, through specialized pre-training
for high-resolution visuals (DeepSeek-AI et al. 2024), in-
corporating fine-grained object grounding (Bai et al. 2025),
or using native multimodal pre-training methods (Zhu et al.
2025). In contrast, our work follows an alternative approach
that builds hybrid systems. These systems decompose prob-
lems to combine the semantic understanding of LLMs with
the precision of specialized algorithms (Wu et al. 2024;
Sharma et al. 2025; Patil 2025).

Our work differs from prior efforts by implementing a
hybrid design as an interactive, iterative clarification loop.
Unlike approaches that attempt to generate all clarification
questions in a single turn, our method refines its understand-
ing through a step-by-step dialogue to resolve ambiguity.
This iterative process is not only more efficient but, cru-
cially, allows smaller, resource-constrained models to han-
dle complex multimodal tasks that would otherwise be be-
yond their capabilities.

Methodology
Text-based Intent Clarification
We propose a zero-shot, dialogue-driven reasoner for
resolving ambiguous text intents. Our approach extends
Chain-of-Thought (CoT) prompting (Zou et al. 2024; Yin,
Hwang et al. 2025; Lu et al. 2025a) by guiding a Large
Language Model (LLM) to iteratively clarify a user’s goal
through conversation. This process relies entirely on in-
context learning and does not require any task-specific fine-
tuning (Zhang et al. 2025a; Lu et al. 2025a).

Our method operates iteratively. In each turn t, given the
initial user request U0 and the conversation history Ht, the
LLM first analyzes the user’s intent to identify known (Kt)
and missing (Mt) pieces of information:

(Kt,Mt) = Analyze(U0, Ht) (1)

To maintain an efficient dialogue, the model then assigns
a priority p(m) (e.g., critical, important) to each missing
item m ∈ Mt and selects the highest-priority item m∗

t =

LLM
3D Pointing

Ray Estimation

Ray-Casting
& Target

Intersection

Analyze
Intent

Identify
Missing Info

 Identify & Localize
Target Object

Assess Visual Quality
(Framing & Clarity)

Clarifier as Plug

Is this a 
good gift ?

text 

Ambiguity in text, e.g. “a good gi�”

Clear, high quality

Target object is unclear or incomplete

vision

Multimodal
Query

Ambiguity
Dispatcher

Semantic

Referential

visual

Referent in text (e.g. “this”) + Poin#ng gesture in vision

Prioritize &
Generate Question

Provide  Feedback (e.g. Who? Occasion? Budget? ...) 

Generate
Context-

Aware Crop

Provide  Feedback (e.g., "Move camera upward")

Figure 2: An overview of our clarification pipeline, a plug-
in module for resolving ambiguous multimodal queries. The
pipeline identifies and addresses three types of underspecifi-
cation: (1) semantic ambiguity in language (e.g., “a good
gift”) is clarified through dialogue; (2) visual ambiguity
from unclear object views is handled by requesting a better
view; and (3) referential ambiguity from pointing gestures
(e.g., “this”) is improved by adaptive image cropping.

argmax
m∈Mt

p(m) to ask about next. The LLM generates a ques-

tion Qt based on m∗
t . The user’s answer, At, is added to the

history (Ht+1 = Ht ∪ {(Qt, At)}), and the process repeats.
The loop terminates when no high-priority information is
missing from Mt. Finally, the LLM uses the complete his-
tory Hfinal to generate a structured and actionable summary
of the user’s intent. The entire process is driven by structured
in-context prompts, requiring no updates to the LLM’s pa-
rameters (Kojima et al. 2022).

Vision-based Intent Clarification
To address the visual ambiguity inherent in first-person in-
teractions, our framework proposes a vision clarifier. As
shown in Figure 3, this module is designed to identify the
user’s intended visual target and verify its image quality be-
fore downstream processing.

The process begins when an VLM parses the query Uv to
extract the target object’s class label c in a zero-shot manner:

c = ExtractEntity(Uv) (2)

This label c guides an open-set object detector (Liu et al.
2024) to find the object in the image frame I , producing a
bounding box B. If the detector fails to find the object, the
system prompts the user to point the camera at the target.

Once the object is localized, the system evaluates the
quality of the region of interest (ROI) inside B. First, it
checks for proper framing. The object’s relative area must
be within a predefined range [τsmall, τlarge], and its bound-
ing box B must not be clipped by the image edges (margin
δedge). Second, it evaluates image clarity using a score that
combines two metrics: the variance of the Laplacian (Clap) to
detect focus blur (Bansal, Raj, and Choudhury 2016) and the
FFT high-frequency energy ratio (Cfft) to detect motion blur
(Shi, Xu, and Jia 2014). The final clarity score is a weighted
sum of the normalized values:

Sclarity(IB) = wlap · Norm(Clap(IB)) +wfft · Norm(Cfft(IB))
(3)



Analyze the current
state of the Monopoly.

Recommenda�ons on
what I eat for lunch.

How do I operate this
device?

What's the main focus
of this pain�ng?

  
  

Please  describe  what's
  on  the  whiteboard.

Monopoly Board not fully
visible. Move camera to

the le%.

Adjust camera down to
show full menu.

Device not fully visible.
Try moving back.

The pain�ng is not fully
visible, please move the

camera up.

   
  

   
    
Whiteboard  is  blurry.  Hold
  steady  and  refocus.

Figure 3: Overview of our vision-based clarification module. Given a user’s query about a physical object, the system first
identifies the target class (e.g., “menu”) using an VLM. An open-set detector then localizes the object in the image frame.
Subsequently, the visual quality is assessed for framing integrity and clarity. If issues like improper framing or blurriness are
detected, the system provides real-time corrective feedback to the user, ensuring high-quality visual input before proceeding.

If the framing is poor or Sclarity is below the threshold τblur,
the system gives the user specific, corrective feedback (e.g.,
“Move further away”, “Hold steady”). This feedback loop
repeats until a well-framed, clear image is obtained, improv-
ing the reliability of subsequent vision-based tasks.

Cross-Modal Referential Clarification
To resolve referential ambiguity from pointing gestures
(e.g., ”that object”), our framework introduces a cross-
modal grounding mechanism that converts the user’s
pointing direction into a 3D ray to identify specific objects
in the scene. This multi-stage pipeline, depicted in Figure 4,
ensures robust grounding from a single egocentric image.

First, we estimate the 3D pointing ray (Nakamura et al.
2023). From a single image I , we concurrently generate a
hand segmentation (Wang et al. 2025) mask Mhand (via pose
estimation (Khanam et al. 2024; Afifi 2019)) and a dense
depth map D (via monocular depth estimation (Yang et al.
2024b)). The pointing vector is derived from two keypoints
on the contour of Mhand: the fingertip (p2D

tip ) and base (p2D
base).

To improve robustness against ambiguous contours, we re-
fine the location of p2D

tip by analyzing depth gradients along
the finger’s axis, ensuring it lies on the foreground finger.
These 2D points are then unprojected to 3D using the depth
map D. The final pointing ray originates at p3D

base with a nor-
malized direction vector v⃗:

v⃗ =
p3D

tip − p3D
base

∥p3D
tip − p3D

base∥
(4)

Next, we perform target localization via ray-casting. We
cast the ray into the 3D scene to find the intersection point
Pintersect. This point is determined by finding the point p
along the ray whose depth, depth(p), most closely matches
the value in the scene’s depth map D at the corresponding
2D projection of p, denoted as pxy . This process is formu-
lated as:

Pintersect = argmin
p∈Ray(p3D

base,v⃗)

|depth(p)−D(pxy)| (5)

subject to
∣∣depth(p)−D(pxy)

∣∣ ≤ τcollision.
Finally, we conduct object identification and context-

aware cropping. Since simple point-based grounding is of-
ten brittle in cluttered scenes, our approach generates a
depth-aware Region of Interest (ROI). We define a bounding
box Btarget centered on the 2D projection of Pintersect, with
dimensions dynamically scaled by its depth. This adapts
the ROI size to the object’s distance. To resolve the user’s
query Uv while preserving deictic context, we perform a
context-aware crop: we compute a consolidated bounding
box, Bcontext, that minimally encloses both the target ROI
Btarget and the user’s hand. The resulting crop I[Bcontext]
is passed with the query Uv to the VLM, mitigating back-
ground noise while retaining the crucial gesture-object link.
As validated by our ablation studies (see supplementary ma-
terial), this method is more robust than direct grounding or
simple visual overlays.

Experiments
Experimental Setup
Dataset. Our evaluation leverages established benchmarks
for textual disambiguation and introduces a novel bench-
mark to address ambiguities unique to first-person vision.
For textual tasks, we use IN3 (Qian et al. 2024) and CLAM-
BER (Zhang et al. 2024a), with the hierarchical attributes
in IN3 being crucial for assessing our model’s prioritization
mechanism. To address the lack of targeted evaluation for
visuospatial ambiguity, we introduce VRA-Ego (Visual and
Referential Ambiguity in Egocentric view), a new bench-
mark of 1000 samples captured with modern AR glasses
(e.g., Ray-Ban Meta (2024), RayNeo X2/X3 Pro (2025)).
VRA-Ego is composed of two purpose-built subsets:
• Visual Ambiguity Set (500 images): This subset features

intentionally flawed visual data (e.g., blur, poor framing).
The ground truth consists of the precise corrective guid-
ance needed to resolve the issue.

• Referential Ambiguity Set (500 samples): This subset fo-
cuses on grounding deictic gestures, containing pointing



Figure 4: Our multi-stage pipeline for resolving cross-modal referential ambiguity. From a single image, we (1) estimate a 3D
pointing ray from the user’s hand gesture, (2) cast this ray into the scene to find a 3D intersection point, and (3) identify the
target object and generate a context-aware crop containing both the hand and the object, which is then passed to a VLM for
final interpretation.

actions, ambiguous queries, and their corresponding an-
notated answers.

The entire dataset is meticulously curated for diversity
across scenes, lighting, object distances, and hand-object
configurations to ensure real-world robustness.

Evaluation Metrics. To evaluate our framework,
we adopt a multi-faceted approach that assesses both
component-level success and the semantic quality of the
final output. For textual disambiguation, we first measure
initial Vagueness Judgement Accuracy and dialogue effi-
ciency through Average Conversation Rounds. The core
performance is then captured by a Missing Details Recover
Rate, calculated via a novel automated pipeline that sim-
ulates interaction to test the recovery of critical attributes.
This principle of evaluating nuanced recovery extends to the
vision module, where we assess not only the initial Target
Identification Accuracy but also the quality of corrective
feedback using a Strict and a Loose Recover Rate—the
latter crediting partially correct suggestions (e.g., “left” for
“top-left”). Ultimately, for cross-modal clarification, we
evaluate pipeline applicability with Pointing Success Accu-
racy and measure the final output quality with a Semantic
Answer Recover Rate. Here, to transcend the limitations
of simple string matching and assess true comprehension,
we employ a LLM judge to score the semantic similarity
between the generated answer and the ground truth.

Comparison to Existing Methods
Choice of Baseline Model and Implementation Details.
Our framework is designed as a zero-shot, external pro-
grammatic loop that enhances existing foundation models.
To isolate and validate its benefits, we benchmark it against

strong monolithic baselines across three core clarification
tasks. Our method is evaluated by augmenting a diverse set
of foundation models (Qwen, Llama, GPT-4o, Gemini, etc.),
creating enhanced versions we denote with a -Clarifier suf-
fix. The experimental comparisons are as follows:

• Textual Disambiguation: We compare our iterative,
multi-step clarification process against a standard mono-
lithic prompt baseline. The baseline performs all reason-
ing steps (analysis, question generation) within a single,
complex prompt, whereas our method guides the LLM
through a sequence of targeted queries.

• Visual Object Grounding: The baseline VLM receives
only the user query and image. In contrast, the VLM-
Clarifier is augmented with our module that first invokes
an open-set object detector and then performs a determin-
istic quality assessment on the resulting bounding box
before proceeding.

• Cross-Modal Referential Resolution: The baseline VLM
processes the raw image and query directly. The corre-
sponding VLM-Clarifier is enhanced by our multi-stage
pipeline that integrates depth estimation, hand segmen-
tation, and 3D ray-casting to robustly interpret pointing
gestures before feeding the identified target to the VLM.

For additional implementation details and baseline analyses
(GPT-4 (OpenAI 2023), Mistral variants (Jiang et al. 2023;
Qian et al. 2024)), please refer to the Appendix.

Quantitative Analysis. Our quantitative evaluation shows
that our modular and programmatic framework achieves
significant performance improvements on textual, visual,
and cross-modal clarification tasks. These improvements are
driven by the framework’s ability to either scaffold the rea-
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Figure 5: A comparative analysis of our proposed framework against the baseline across three open-source LLM families: (a)
Qwen2.5, (b) Qwen3, and (c) Llama-3.1. The evaluation spans a range of model sizes to assess performance scalability. The
primary performance metric, Recover Rate (representing the recovery of critical missing details), is shown using bar charts for
both our method (blue) and the baseline (red). Additionally, the Accuracy (Baseline) is plotted as a dashed red line, while the
Average Conversation Rounds (denoted by ’r’ values) are annotated above each bar to measure dialogue efficiency.

Model Parameter
Size

Accuracy (%) ↑
w/o. Clarifier w. Clarifier

Qwen2.5
(Yang et al. 2024a)

7B 24.4 53.0 (+ 28.6)
14B 56.0 61.8 (+ 5.8)
32B 56.0 66.0 (+ 10.0)
72B 54.2 65.4 (+ 11.2)

LLama-3.1
(Dubey et al. 2024)

8B 25.9 52.9 (+ 27)
70B 53.5 59.3 (+ 5.8)

405B 54.9 60.1 (+ 5.2)

Table 1: Vagueness Judgement Accuracy on the CLAM-
BER benchmark. Our iterative Clarifier framework sub-
stantially boosts performance over single-prompt baselines.
The framework yields an approximate 30% increase for
smaller models like Llama-3.1-8B and Qwen2.5-7B, elevat-
ing them to be competitive with much larger counterparts.
This demonstrates that our structured, step-by-step approach
acts as a critical reasoning scaffold, enabling smaller models
to handle complex clarification tasks reliably.

soning of smaller models or to incorporate deterministic al-
gorithms for tasks where Vision-Language Models (VLMs)
are known to perform poorly.

The benefit of our iterative framework is most pronounced
for smaller language models. As shown in Figure 5, our
method improves the Recover Rate for smaller models like
Qwen3-4B and Qwen2.5-7B by 43% and 32% respectively.
This is because our step-by-step process decomposes a com-
plex task into manageable sub-problems, which often over-
whelms the single-turn capabilities of these models. While
still beneficial, the performance margin narrows for larger
models (e.g., Llama-3.1-405B) that are already proficient
with complex, monolithic prompts. This trend is corrobo-
rated on the CLAMBER dataset (Table 1), where our frame-
work elevates the vagueness judgment accuracy of smaller
models by nearly 30%, making them competitive with much
larger counterparts.

Our framework also shows strong performance on visu-
ospatial tasks that challenge the geometric reasoning capa-
bilities of end-to-end VLMs. For example, baseline models
can identify visual referents but fail to provide precise spa-

tial corrective feedback, achieving low Strict Recover Rates
for directional guidance (31.5%–46.2%) (Table 2). To over-
come this, our -Clarifier module performs deterministic ge-
ometric analysis on the object’s bounding box. This targeted
approach improves the Strict Recover Rate by a large margin
of 11.9% to 20.7%.

Similarly, monolithic VLMs struggle to interpret point-
ing gestures from raw images, with the top baseline reach-
ing a Recover Rate of only 67.3% (Table 2). Our frame-
work addresses this limitation by employing a two-step
process: it first detects the pointing intent with high accu-
racy (87.2%–95.1%) before engaging a specialized 3D ray-
casting pipeline. This explicit geometric modeling leads to
consistent gains in task success, improving the Recover Rate
by 3.1% to 6.6% for all evaluated VLMs. For both visuospa-
tial tasks, this decompositional strategy allows our frame-
work to surpass the performance of purely learned systems,
resulting in a more robust solution.

Qualitative Results. Our qualitative analysis substanti-
ates the quantitative results, demonstrating the framework’s
practical robustness and efficiency. The core of our approach
is an iterative, step-by-step process that systematically re-
duces ambiguity across modalities.

In textual dialogues, this manifests as significantly lower
inference latency. By using targeted, minimal prompts each
turn rather than a single monolithic one, complex disam-
biguation is resolved efficiently. This structured methodol-
ogy proves equally effective in vision-centric tasks (Figure
3). Our framework reliably analyzes complex scenes like
chessboards or fine-print menus—scenarios where mono-
lithic baselines often fail due to unresolved visual ambiguity.

The framework’s advantage is most pronounced in resolv-
ing cross-modal pointing in cluttered environments (Figure
4). While baselines are often distracted by salient but incor-
rect objects, our method robustly grounds the user’s deictic
reference. It first reconstructs the 3D pointing ray, intersects
it with the scene using the depth map, and then generates
a context-aware crop that isolates the target while preserv-
ing the vital hand-object relationship. This focused input en-
ables the VLM to succeed where it would otherwise fail. We
note that the primary failure mode occurs when monocular



Model
(a) Vision-based Clarification (b) Cross-Modal Pointing

Accuracy (%) ↑ Recover Rate (%) ↑ Accuracy (%) ↑ Recover Rate (%) ↑
Strict Loose

gemini-2.5-pro (Google DeepMind 2025) 91.8 46.2 60.2 - 67.4
gemini-2.5-pro-Clarifier 95.4 (+ 3.6) 64.6 (+ 18.4) 75.8 (+ 15.6) 95.2 72.6 (+ 5.2)
GPT-4o (Hurst et al. 2024) 90.0 40.6 57.0 - 65.2
GPT-4o-Clarifier 92.4 (+ 2.4) 61.4 (+ 20.8) 73.6 (+ 16.6) 94.4 69.0 (+ 3.8)
Qwen2.5-VL (Bai et al. 2025) 86.6 35.4 53.2 - 57.8
Qwen2.5-VL-Clarifier 91.2 (+ 4.6) 47.4 (+ 12.0) 70.0 (+ 16.8) 92.4 64.4 (+ 6.6)
llava-v1.6 (Li et al. 2024) 84.8 36.6 41.6 - 53.6
llava-v1.6-Clarifier 89.8 (+ 5.0) 53.2 (+ 16.6) 52.8 (+ 11.2) 91.6 58.0 (+ 4.4)
InternVL 3.0 (Zhu et al. 2025) 83.2 35.6 59.6 - 51.6
InternVL 3.0-Clarifier 88.6 (+ 5.4) 50.2 (+ 14.6) 70.2 (+ 10.6) 93.6 57.8 (+ 6.2)
Llama 3.2 (Dubey et al. 2024) 82.6 35.6 51.6 - 50.2
Llama 3.2-Clarifier 85.4 (+ 2.8) 51.2 (+ 15.6) 64.6 (+ 13.0) 91.2 53.8 (+ 3.6)
MiniCPM-V (Yao et al. 2024) 81.6 31.6 48.8 - 47.0
MiniCPM-V-Clarifier 86.2 (+ 4.6) 43.6 (+ 12.0) 63.4 (+ 14.6) 88.2 52.0 (+ 5.0)
Molmo (Deitke et al. 2025) 80.0 37.6 48.6 - 48.4
Molmo-Clarifier 84.0 (+ 4.0) 52.8 (+ 15.2) 62.2 (+ 13.6) 87.2 51.6 (+ 3.2)

Table 2: Performance on Vision-based and Cross-Modal Pointing Clarification. The table compares baseline VLMs against the
same models enhanced by our framework (suffixed with -Clarifier) on two egocentric tasks: (a) Evaluates corrective guidance
for imperfect visual input. Here, Accuracy measures initial object identification, while Recover Rate (Strict/Loose) assesses the
quality of the generated guidance. (b) Tests grounding of deictic queries via 3D pointing. Here, Accuracy (N/A for baselines)
is our framework’s success in detecting pointing intent, and Recover Rate measures the final answer’s semantic accuracy.

depth estimation is inaccurate for thin or reflective surfaces,
causing the ray to pass through the intended object. A de-
tailed gallery of qualitative comparisons is in the Appendix.

Ablation Studies
We conducted ablation studies to validate our key design
choices and assess the sensitivity of our modular framework.

• Object Detector Robustness: We evaluated the frame-
work’s sensitivity to the choice of object detector. While
substituting our default model with Florence-2 (Xiao
et al. 2024) caused a small decrease in performance ( 1%
Accuracy, 3% Recover Rate), other models like YOLOE
(Wang et al. 2025) and YOLO-World (Cheng et al. 2024)
showed slightly larger drops ( 2% Accuracy, 5% Recover
Rate). Nevertheless, the performance with all alternative
detectors remained substantially higher than the baseline
without our clarifier. This demonstrates that our core con-
tribution provides a consistent benefit, independent of the
underlying detection model.

• Importance of Specialized Fingertip Detection: To
measure the impact of our custom fingertip detector, we
substituted it with the standard MediaPipe library (Lu-
garesi, Tang et al. 2019). This led to a significant de-
crease in Pointing Success Accuracy (15%). This is be-
cause MediaPipe is not robust to the challenging hand
views—often occluded or low-resolution in egocentric
data, which confirms the need for our tailored approach.

• Effective VLM Input Grounding: Finally, as detailed
in the Appendix, our context-aware cropping strategy for
grounding VLM input proved more effective than alter-
native methods like point-based segmentation or using

the full image (Guo, Wu et al. 2025), further justifying
our specific design.

Collectively, these results highlight a key finding: while
our framework provides a robust scaffold that is not overly
sensitive to the choice of a general object detector, its peak
performance critically relies on components specifically tai-
lored to the challenges of egocentric vision, such as our spe-
cialized fingertip detector.

Conclusion

In this paper, we introduced a modular framework for resolv-
ing multimodal user intent ambiguity in egocentric vision.
Our approach emulates a Chain-of-Thought process, decom-
posing complex and ambiguous queries into a sequence of
simpler, verifiable sub-problems. These sub-problems are
solved by specialized modules, including modules for tex-
tual analysis, visual quality assessment using a hybrid of a
Vision-Language Model (VLM) and traditional algorithms,
and 3D gesture grounding via ray-casting. A key result of
our work is that this structured reasoning process signifi-
cantly improves the performance of smaller language mod-
els (e.g., 7B models) on text intent disambiguation, mak-
ing our approach practical for deployment on resource-
constrained platforms, such as AR glasses. Our work shows
that hybrid architectures, which combine the reasoning ca-
pabilities of large models with the precision of deterministic
algorithms, present a promising direction for building more
capable and reliable embodied AI. Future work will improve
conversational efficiency and extend our approach to physi-
cally embodied agents that actively seek clarification.
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Appendix
This document provides supplementary material for our
AAAI 2026 submission, “Plug-and-Play Clarifier: A Zero-
Shot Multimodal Framework for Egocentric Intent Disam-
biguation.” Here, we include extended methodological de-
tails, additional experimental results, in-depth analyses, and
broader discussions that were omitted from the main paper
due to space constraints. This material is intended to offer
greater insight into our design choices, the robustness of our
framework, and avenues for future research. For more de-
tails, please refer to the core code of our project.

Detailed Cross-Modal Referential Clarification
A fundamental challenge in egocentric interaction is the ro-
bust resolution of referential ambiguity, where a user’s ver-
bal query containing deictic terms (e.g., “this”, “that”) must
be precisely grounded to a specific physical object indicated
by an accompanying pointing gesture. This necessitates ef-
fective visual grounding, which remains a non-trivial task,
particularly in dynamic, unconstrained real-world environ-
ments.

Object Identification and Context-Aware Cropping for
VLM Input As mentioned in the main paper, our pipeline
accurately identifies the focal point of attention via 3D
ray-casting, yielding a precise intersection point. Upon lo-
calizing this focus, the subsequent critical challenge is
to appropriately delineate the visual entity at this loca-
tion for effective processing by a Vision-Language Model.
Early explorations into direct grounding methods, such as
point-prompted segmentation (e.g., using SAM) or open-
vocabulary object detection, proved brittle in egocentric set-
tings. These approaches were particularly susceptible to in-
accuracies stemming from cluttered scenes, minor pointing
ray discrepancies, or the inherent challenges of novel object
recognition.

Naively submitting the full egocentric image to the VLM
introduces considerable visual noise and irrelevant contex-
tual information, which can dilute the model’s focus. Con-
versely, a simplistic tight crop of only the putative object
severs the crucial visual link between the user’s deictic ges-
ture (e.g., the pointing hand) and the target object, thereby
undermining the referential context. These limitations criti-
cally underscored the necessity for a more sophisticated in-
put strategy, leading us to develop our context-aware crop-
ping approach.

Ablation Study of VLM Input Grounding Strategies
As promised in the main paper, we conducted a comprehen-
sive ablation study comparing our context-aware cropping
against several alternative VLM input grounding strategies,
visually summarized in Figure 6.

• Full Image with Visual Cue (Figure 6a and 6g): We pro-
vided the full egocentric image to the VLM, augmented
with a visual cue (e.g., a green dot at the 2D projection,
or a rendered bounding box (Guo, Wu et al. 2025)) to
highlight the target. While performing marginally better
than a completely naive full-image submission, this ap-
proach remained highly susceptible to distraction from

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 6: Various VLM input grounding strategies explored.
(a) Original egocentric view. (b-f) Alternative rule-based
and pre-processing strategies: (b) Intersection point con-
nectivity graph, illustrating a graph-based segmentation ap-
proach. (c) Proximity-aware segmentation, where surround-
ing points are first gathered for mask generation. (d) Local
attention derived from extended ray peripheral brightness,
leveraging ambient light cues. (e) Recognition-first match-
ing, where objects are identified before linking to the point-
ing gesture. (f) Segmentation-first matching, where scene
segments are generated prior to association. (g) Bounding
box rendered onto the original image. (h) Our Adaptive
Depth-Aware Contextual Cropping method, which dy-
namically adjusts crop size based on object depth (further
objects, larger crop) while ensuring the user’s hand/arm is
consistently included, preserving critical deictic context.

other salient objects within the broad field of view, lead-
ing to a ∼4% drop in Semantic Answer Recover Rate
compared to our method. Furthermore, we critically ob-
served that directly rendering bounding boxes (e.g., as
depicted in Figure 6g) onto the full image, intended to
explicitly demarcate the target, consistently yielded sub-
optimal performance compared to actual cropping. Our
hypothesis, supported by empirical observations, is that
not all large language models (LLMs) within the VLM
architecture possess the inherent capability to effectively
process or interpret such graphical overlays within the
image plane, potentially perceiving them as noise or dis-
tractive elements rather than meaningful cues.

• Rule-Based Grounding Strategies (Figures 6b-6f): Be-
yond simple point-prompted segmentation (Figure 6c),
we explored a suite of rule-based grounding approaches:

– Intersection Connectivity Graph (Figure 6b): This
method involved inferring object boundaries based on
the local connectivity and cluster density of pixels im-
mediately surrounding.

– Proximity-Aware Segmentation (Figure 6c): Utiliz-
ing the 2D projection as a seed for a segmentation
model (e.g., SAM) to generate a mask, then cropping



Analyze this game of
Chinese chess.

The board is not fully
visible, please move the
camera down to the right.

Please shift view up —
drawer is partly out of

frame.
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capture full Monopoly

Board.

Calendar cut off. Angle
camera up to the left.

Camera needs slight shift
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device.

Help me find something
in the drawer.

Analyze the current state
of the Monopoly.

Tell me about this
calendar.

How do I operate this
device?

Tell me about this map. Tell me about this sign. What's on my screen?
How to use this

washing machine?
What can I paint with

the colors in my palette?

Incomplete map. Slide
view down.
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is too small.

Display screen is too
blurry, please keep it
steady and refocus.

Move back — washing
machine is too large.

Tilt to the left to see full
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Figure 7: Demonstration of our framework’s proactive visual clarification, a key differentiator from monolithic models. While
baseline systems might fail or hallucinate when presented with flawed egocentric views, our method first diagnoses the input
quality. It robustly identifies issues like occluded objects (Monopoly Board), distance-related ambiguity (street sign), and motion
blur (display screen), providing users with explicit instructions for correction. By resolving visual ambiguity at the source, our
framework establishes a reliable foundation for subsequent high-level reasoning.

the image to that mask. This was highly sensitive to
the precision of the pointing ray and frequently failed
on small or partially occluded objects, resulting in a
∼5% performance drop.

– Brightness-Weighted Local Context (Figure 6d):
This approach extended the pointing ray and lever-
aged the average brightness of the surrounding area as
a heuristic for local attention, assuming the target ob-
ject would exhibit a distinct brightness profile from its
immediate background.

– Recognition-First Matching (Figure 6e): Here, a
general object detection model was first employed to
identify common objects across the scene, which were
then post-hoc matched to the pointing ray.

– Segmentation-First Matching (Figure 6f): This in-
volved generating generic segmentation masks for all
discernible objects in the scene, followed by associat-
ing the pointing ray with the most plausible mask.

While offering varying degrees of operational simplic-
ity, we collectively found that these purely rule-based
and pre-processing strategies (Figures 6b-6f) were no-
tably brittle and exhibited significant performance degra-

dation when encountering less common or novel objects,
or when tasked with complex Question-Answering (QA)
and reasoning queries that demanded a deeper, semantic
understanding of object context beyond simple geomet-
ric heuristics. Their inherent reliance on predefined rules
severely limited their generalizability and robustness in
unconstrained egocentric scenarios.

• Our method (Figure 6h): Our proposed method adap-
tively determines the crop region based on the estimated
depth of the target object. This ensures that objects fur-
ther away are encompassed within a proportionally larger
contextual window, providing sufficient surrounding in-
formation. Crucially, our strategy explicitly guarantees
the consistent inclusion of the user’s hand and a portion
of their arm within the crop. This dynamic and contex-
tually rich cropping strategy preserves the critical deic-
tic gesture-object relationship while providing the VLM
with a focused, yet semantically rich, input. This ap-
proach consistently outperformed all alternative strate-
gies, yielding a substantial 3-5% improvement in the fi-
nal Semantic Answer Recover Rate over the next-best
method. This robust empirical evidence unequivocally
confirms that preserving the immediate hand-object in-



Figure 8: Visualization of our multi-stage pipeline for 3D pointing gesture interpretation across diverse egocentric scenes.
Our method deterministically grounds deictic references through a sequence of geometric operations. From left to right: The
process begins with the original egocentric view, followed by coarse hand segmentation to isolate the forearm. We then leverage
a monocular depth estimate to refine the 3D locations of the fingertip and finger base. These points define a 3D pointing ray,
which is cast into the scene. The final target is identified by analyzing the intersections between the ray and the scene’s surface
geometry. The rightmost column plots the ray’s depth against the scene’s surface depth, illustrating how our algorithm robustly
identifies the correct intersection point, even in the presence of complex, non-planar surfaces (e.g., bookshelves) or distant
targets. This geometric approach provides a robust alternative to end-to-end models, which often struggle with such spatial
reasoning.

teraction context is paramount for facilitating the VLM’s
robust reasoning capabilities in egocentric referential res-
olution.

Extended Experimental Details
Novelty and Evaluation
Our core novelty lies in demonstrating that a hybrid, mod-
ular architecture—combining programmatic control with
LLM reasoning—is a more robust and efficient paradigm for
egocentric AI than monolithic models, especially for tasks



Look this, can I park here?

Move the camera upward ... Time & Day? User's Status?
Duration? ...

Right now, have a permit, 
8 hours ...

Clarifier

What is 'this' and user is pointing at ...
Only the bottom part is visible...
Missing details are needed...Text

Cross-Modal

Vision

Plan a trip here.

Move the camera to the right ... Travelers?  Timing? Duration?
Budget? Origin?...

A family, summer, one week,
mid-range, from London...

Clarifier

What is 'here' and user is pointing at ...
Only the left part is visible...
Missing details are needed...Text

Cross-Modal

Vision

Is that healthy?

Move the camera upward ... Health Metric?  Dietary Context?
Allergies/Restrictions? ...

Low sugar, high protein, high
fiber, low calories, losing
weight, building muscle,

managing diabetes, nut-free ...

Clarifier

What is 'that' and user is pointing at ...
Only the bottom part is visible...
Missing details are needed...Text

Cross-Modal

Vision

Book this restaurant.

Move the camera to the left ... Number of Guests?  Time & Date?
Name for the Booking? ...

Two, Saturday at 1 PM, user's
name ...

Clarifier

What is 'this' and user is pointing at ...
Only the right part is visible...
Missing details are needed...Text

Cross-Modal

Vision

(Update input)

Figure 9: End-to-end examples of our framework resolving complex, co-occurring visual, textual, and cross-modal ambiguities
in real-world egocentric scenarios. The area beneath the glasses icon illustrates the system’s internal thought process, where it
diagnoses different types of ambiguity. This diagnosis recognizes when the text is unclear because details are missing, when the
vision is incomplete because an object is partially occluded, and how a cross-modal reference like the word ”this” is connected
to the user’s pointing gesture. Based on this comprehensive analysis, the Clarifier generates a compound clarification request,
prompting the user for both a physical camera adjustment and additional contextual information. This synergistic approach,
which explicitly decomposes and addresses ambiguity across modalities, allows the framework to robustly handle initially
underspecified tasks and transform them into solvable problems.

requiring spatial precision where VLMs are known to be
brittle. We created VRA-Ego because existing datasets do
not target the specific problem of interactive, first-person
referential disambiguation. For instance, DeePoint (Naka-
mura et al. 2023) (third-person), or RefEgo (Kurita, Kat-
sura, and Onami 2023) (textual), differing from the direct
”what is this?” pointing gestures in real-world assistance.
Our work addresses this critical gap. Regarding generaliza-
tion (e.g. Ego4D (Grauman et al. 2025)), our framework is
a plug-in module that only activates when ambiguity is de-
tected, otherwise defaulting to the base VLM’s performance.

VRA-Ego Dataset Construction and Setup
Our ambiguity-oriented egocentric benchmark, VRA-Ego,
was collected with current AI / AR glasses. The dataset cov-

ers pointing targets at distances from 0.2 m up to 10 m, so
that the clarifier must handle both large, near-field objects
and very small, far-field objects in the same pipeline. To
make the cross-modal module robust to different user habits,
we recorded both left- and right-hand pointing gestures, and
we captured scenes in both portrait and landscape orienta-
tions. Each sample stores the RGB frame, the intended tar-
get object, and whether the raw capture was immediately
answerable or required vision-based clarification. This infor-
mation is later used by our automated evaluation pipeline to
decide whether the controller should trigger the vision clar-
ifier.



Automated Evaluation Pipeline for Textual
Disambiguation
To comprehensively evaluate textual disambiguation and en-
sure scalable, reproducible assessment, we introduced a so-
phisticated automated evaluation pipeline. This three-stage
process involves:
1. An Interaction Simulator to generate complete dia-

logue logs by interacting with the model under test.
2. A Query Disentangler to parse the agent’s generated

questions into atomic informational units.
3. A Semantic Matcher that uses a powerful LLM judge

(GPT-4o) to compare these atomic units against the
ground-truth missing attributes from the benchmark, cal-
culating the Recover Rate.

This pipeline allows for nuanced evaluation beyond simple
accuracy, capturing the model’s ability to effectively extract
specific, critical details.

Additional Results and Analysis
User Experience
User experience and efficiency are critical. Qualitatively, our
framework makes the assistant feel significantly more intel-
ligent and responsive, as shown in our supplementary demo
video. And the ablations are straightforward, reflecting our
method’s plug-and-play design.

Additional Baseline Results for Textual
Clarification
In addition to the open-source model families presented in
the main body of our work, we conducted a supplemen-
tary evaluation on the IN3 benchmark (Qian et al. 2024).
This served to benchmark our -Clarifier framework against
prominent proprietary models and other widely-used open-
source variants. The results, detailed in Table 3, corrobo-
rate our central thesis: our programmatic, iterative approach
provides a critical reasoning scaffold, substantially enhanc-
ing the instruction-following capabilities of LLMs, espe-
cially for models that are less powerful or not extensively
instruction-tuned.

Our initial step was to validate our experimental setup by
replicating the results reported in the original IN3 paper (de-
noted by ‘*‘). Our baseline implementations for GPT-4 and
Mistral-Interact yielded performance metrics largely consis-
tent with the reported figures, confirming the fidelity of our
reproduction. However, a significant discrepancy emerged
with Mistral-7B-v0.2. The monolithic baseline prompt, em-
ployed in the original work, failed to elicit valid, format-
compliant responses from the model in our environment,
resulting in a complete failure to produce measurable out-
comes (indicated by ‘-‘). We attribute this to the model’s
limited capacity to parse and execute complex, multi-part
instructions embedded within a single prompt.

Furthermore, our investigation of the fine-tuned Mistral-
Interact model revealed potential signs of overfitting within
the original model’s training regime. While the model per-
forms well on the IN3 test set, its instruction-following capa-
bility proved brittle; minor variations to the prompt or query

structure caused it to fail completely. This fragility prevented
a robust evaluation of our -Clarifier on this specific model.
We have contacted the original authors regarding this poten-
tial training artifact and details about baseline models per-
formance but have not yet received a response.

In stark contrast, our framework demonstrates its efficacy
most dramatically on models that struggle with monolithic
prompting. For instance, Mistral-7B-v0.2, which failed out-
right under the baseline condition, becomes a competent per-
former when guided by our -Clarifier, achieving a 0.712 Ac-
curacy. Even more strikingly, Mistral-7B-v0.3, whose base-
line performance is near-random (0.213 Accuracy, 0 Re-
cover Rate), is transformed into a highly effective system
(0.806 Accuracy, 0.748 Recover Rate) with our framework.
This substantial improvement—from complete failure to
performance rivaling that of GPT-4—underscores the power
of our structured, iterative decomposition in unlocking the
latent capabilities of smaller language models.

Model Accuracy Recover Rate Rounds
GPT-4* 0.824 0.752 2.69
GPT-4 (Baseline) 0.796 0.754 1.85
GPT-4-Clarifier 0.815 0.805 3.71

Mistral-7B-v0.2* 0.491 0.684 1.62
Mistral-7B-v0.2 (Baseline) - - -
Mistral-7B-v0.2-Clarifier 0.712 0.358 2.47

Mistral-7B-v0.3 (Baseline) 0.213 0 1
Mistral-7B-v0.3-Clarifier 0.806 0.748 12.07

Table 3: Performance comparison for textual clarification
on the IN3 benchmark. ‘*’ denotes results from the origi-
nal paper (Qian et al. 2024). ‘-’ indicates the model failed
to produce format-compliant outputs. Our -Clarifier frame-
work not only enhances capable models like GPT-4 but also
successfully scaffolds weaker models (e.g., Mistral-7B vari-
ants) that otherwise fail completely, elevating their perfor-
mance to be competitive with much larger systems.

Runtime and Latency Reporting

To make the efficiency aspect of the clarifier explicit, we
report the per-stage wall-clock latency on an RTX 4090
GPU. All numbers below are averaged over the full runs
we used for the image-based (capture-quality) and cross-
modal (pointing-based) clarifiers. We exclude one-time
model loading and I/O bookkeeping. In practice, the geo-
metric stack (depth, pose, hand, fusion, ray) remains below
400 ms per frame on this hardware, so the end-to-end latency
is primarily determined by the choice and deployment of the
LLM/VLM used for clarification.
Note on thresholds. All ambiguity-related thresholds (e.g.,
blur score, minimum crop size, depth-aware expansion ra-
tio) used in the above runs follow the default configuration
shipped with our implementation. We did not heavily tune
them for the reported numbers; a dedicated sensitivity study
can further tighten these timings and trigger conditions.



Stage Avg. latency (ms)

Image I/O 11.26
Detection 185.52
Feedback generation 4.47
Visualization (optional) 6.06

Table 4: Per-stage latency for the image-based clarifier on
RTX 4090. Detection is the dominant cost; feedback gener-
ation is negligible.

Stage Avg. latency (ms)

Depth estimation 268.62
Pose detection 17.81
Hand segmentation 39.19
2D–3D pointing fusion 43.83
Ray intersection 5.50
LLM processing 5684.59

Table 5: Per-stage latency for the cross-modal clarifier on
RTX 4090. The geometric part (depth, hand, ray) stays
within a few hundred ms; the dominant cost is the LLM call.
Development-time visualization was ≈3.7 s and is excluded
here because it is not part of the inference path.

Broader Discussion and Future Work
Design Choices and Practicality
Our modular design is a deliberate choice for real-time ego-
centric assistants. Unlike systems using video, large mod-
els, or complex ”thinking” agents (e.g., VideoAgent (Wang
et al. 2024)), our approach prioritizes low latency. We ar-
gue that quick, iterative feedback more closely mimics nat-
ural human conversation, which is crucial for user expe-
rience. While gaze (e.g., in MICA (Sarch et al. 2025))
could enhance clarity, its high cost, power consumption, and
weight make it impractical for current consumer devices.
Our framework provides a more readily deployable solution.

Alternative Interaction Paradigms
Our work introduces a modular, plug-and-play framework
designed to proactively resolve multimodal intent ambigu-
ity in egocentric interactions. While the quantitative results
demonstrate significant performance gains, it is equally im-
portant to discuss our approach in the context of alternative
design philosophies and the broader vision for human-AI
collaboration.

One might argue that simpler, more direct solutions could
address the ambiguities we tackle. For instance, visual ambi-
guity caused by poor framing or blurriness could ostensibly
be resolved by providing the user with a real-time camera
preview, much like one might adjust their phone during a
video call. Similarly, referential ambiguity could be elimi-
nated if the user provided a more explicit linguistic descrip-
tion (e.g., “the second bottle from the left”), and underspec-
ified textual intent could be clarified by requiring the user to
input their complete request via a text box.

However, these solutions, while viable in constrained sce-
narios, fundamentally conflict with the vision of a seam-
less, conversational AI assistant that defines the next era of
human-computer interaction. The ideal interaction paradigm
is not a series of rigid, user-driven corrections but a
fluid, natural dialogue. Imagine a phone conversation where
nearly every statement required a pedantic clarification; the
interaction would become intolerably cumbersome. Natural
human dialogue is built on context and inference, and our
goal is to imbue AI systems with this capability. Requiring
explicit descriptions or manual camera adjustments imposes
a cognitive load that disrupts this natural flow.

Furthermore, these manual-correction alternatives face
significant practical and systemic drawbacks, especially for
wearable devices like AR glasses.
1. Limited Generalizability: User-dependent clarification

strategies do not readily generalize to autonomous
agents, such as robots, which must interpret and act upon
ambiguous instructions without constant human inter-
vention. An effective disambiguation model must be part
of the agent’s core intelligence.

2. Power Consumption: Constant camera previews or
high-bandwidth video processing for user feedback are
highly power-intensive, a critical bottleneck for all-day
wearable devices.

3. User Experience and Hardware Limitations: Real-
time visual feedback can induce visual fatigue. Critically,
most commercially available AI glasses are equipped
with fixed-focus lenses and do not support autofocus,
rendering any manual, user-driven adjustments for visual
clarity largely impractical from the outset. Adding such
capabilities would, in turn, increase the device’s weight
and complexity.

Our Plug-and-Play Clarifier is designed precisely to nav-
igate these challenges. By building a system that proac-
tively identifies and resolves ambiguity through an intelli-
gent, multimodal dialogue, our framework offloads the bur-
den of clarification from the user to the agent. It paves the
way for the kind of fluid, context-aware assistance that fu-
ture egocentric AI promises, where interaction feels as nat-
ural as speaking with another person. This makes our ap-
proach not just an improvement, but a foundational necessity
for the future of embodied, conversational AI.

Extended Limitations and Future Work
The main paper briefly touched on limitations. Here, we ex-
pand on those points and provide more context on future
directions, drawing from our initial drafts.

Our approach introduces certain trade-offs. The itera-
tive nature of our dialogue framework, while improving ac-
curacy, inherently increases the number of conversational
turns, which could affect user experience. Furthermore, as
a pluggable module, the framework’s overall efficacy is in-
trinsically tied to the speed and capability of the underly-
ing foundation models. Our work also simplifies the multi-
faceted nature of real-world intent ambiguity. True ambigu-
ity often stems from deep contextual dependencies or poly-
semy, where a query like “How should I move?” could refer



to a chess move, a fashion catwalk, or a travel route, depend-
ing on a rich context that our current model does not fully
leverage.

These limitations illuminate promising avenues for future
research. To enhance efficiency, our framework could be
augmented with proactive query rewriting techniques (Chen
et al. 2025) to clarify user intent in a single step. To im-
prove robustness, the system could incorporate mechanisms
to detect and correct misleading or contradictory informa-
tion within the user’s query itself (Li et al. 2025), rather
than only addressing what is missing. Ultimately, our frame-
work provides a foundational stepping stone towards more
sophisticated embodied agents. Future work can extend our
principles to physical robots that must not only understand
ambiguous commands but also actively navigate their envi-
ronment to seek clarification and execute tasks (Ramrakhya
et al. 2025), moving us closer to creating truly intelligent
agents capable of navigating the full spectrum of human
communicative intent.
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