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Abstract. Traditional Visual Grounding (VG) predominantly relies on
textual descriptions to localize objects, a paradigm that inherently strug-
gles with linguistic ambiguity and often ignores non-verbal deictic cues
prevalent in real-world interactions. In natural egocentric engagements,
hand-pointing combined with speech forms the most intuitive referring
mechanism. To bridge this gap, we introduce EgoPoint-Ground, the
first large-scale multimodal dataset dedicated to egocentric deictic visual
grounding. Comprising over 15k interactive samples in complex scenes,
the dataset provides rich, multi-grained annotations including hand-target
bounding box pairs and dense semantic captions. We establish a com-
prehensive benchmark for hand-pointing referring expression resolution,
evaluating a wide spectrum of mainstream Multimodal Large Language
Models (MLLMs) and state-of-the-art VG architectures. Furthermore, we
propose SV-CoT, a novel baseline framework that reformulates grounding
as a structured inference process, synergizing gestural and linguistic cues
through a Visual Chain-of-Thought paradigm. Extensive experiments
demonstrate that SV-CoT achieves an 11.7% absolute improvement over
existing methods, effectively mitigating semantic ambiguity and advanc-
ing the capability of agents to comprehend multimodal physical intents.
Code: https://github.com/1linglil1724/Egopoint
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1 Introduction

Visual Grounding (VG) [|4,/11,/17,|61},/81,/87.[89] aims to localize target objects in
images based on natural language queries [39,541(80], serving as a fundamental
capability for natural human-AT interaction [21}/36}/46}48//57,/63})65 74,84]. Existing
VG methods primarily rely on static third-person perspective images and purely
textual descriptions for object localization [10414}34,/401561/62,/76,85,87]. However,
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EgoPoint Ground Dataset
“The boy in red shirt.” “What is this?”

Hand Annotation Target Object Annotation

Q:What is this?

A:This is a man.
Q: What is the man wearing?-/f
A: A black top and purple

<} pants

Fig. 1: Our dataset features images captured from an egocentric perspective where a
hand is pointing towards a target object. The dataset includes four core annotations:
Hand Annotation, Target Object Annotation, Image Caption, and Visual QA Pairs.
While conventional Referring Expression Comprehension (REC) tasks only support
language-assisted localization, our proposed task aims to address referring disambigua-
tion by utilizing physical hand information as opposed to traditional linguistic assistance
for target grounding.

this paradigm faces fundamental challenges in real-world interactive scenarios:
language inherently exhibits ambiguity , while humans heavily depend
on non-linguistic cues (e.g., gestures) for referential disambiguation in daily
communication . For instance, when a user says "pass
me that one" models struggle to identify the intended referent without gestural
context. Figure [I] illustrates the significant difference between our proposed
method and current approaches on the referring question-answering task .

In physical interactions, the synergy between hand gestures and language
constitutes the most natural and efficient referring mechanism @,
A typical scenario involves a user wearing AR glasses pointing at an
object and asking "What is this?"—the finger direction directly resolves linguistic
ambiguity and precisely guides attention to the target .
Despite the ubiquity of such multimodal referring in human interaction, existing
VG research has largely overlooked gestural cues in first-person perspectives
. Mainstream datasets focus on third-person images with descriptive
text, lacking modeling of gesture-language coordination in egocentric interactions

[12[14}[19][241[351[441[49,/56./67,68]. Accordingly, existing benchmark tasks have

not incorporated gestures into evaluation protocols, limiting model applicability

in embodied Al and human-robot collaboration scenarios [26133].

To bridge this gap, we introduce EgoPoint-Ground—the first large-scale
multimodal dataset for first-person hand-pointing referring tasks. The dataset
comprises over 15,000 high-quality samples captured from natural interactive
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moments in complex scenes. Each sample is annotated with hand bounding
boxes, target object bounding boxes, image captions, object captions, category
labels, and referring question-answer pairs, providing fine-grained supervision
signals for multimodal referring expression resolution. Based on this dataset, we
establish a benchmark for hand-pointing referring expression resolution and con-
duct systematic evaluations of mainstream Multimodal Large Language Models
(MLLMs) [11/3}[6}[151/30./52}[72,[75,/83}[88] and visual grounding models. Experi-
mental results demonstrate that existing methods suffer significant performance
degradation when gestural cues are absent, quantitatively validating the critical
role of hand gestures in resolving linguistic ambiguity.

Furthermore, we propose a novel baseline framework, SV-CoT, which explic-
itly synergizes gestural and linguistic cues through a Visual Chain-of-Thought
reasoning paradigm. The model iteratively reasons about the spatial relationship
between finger direction and candidate objects, effectively mitigating ambiguity
introduced by purely linguistic descriptions. Experiments on EgoPoint-Ground
show that our method achieves a 11.7% performance improvement over language-
only baselines, fully demonstrating the necessity and effectiveness of multimodal
fusion in real-world interactive scenarios.

Our main contributions are summarized as follows: (1) Dataset: We present
EgoPoint-Ground, the first large-scale multimodal dataset for first-person hand-
pointing referring, containing 15,000+ samples with multi-dimensional anno-
tations including hand poses, object locations, and referring expressions. (2)
Benchmark: We establish an evaluation benchmark for hand-pointing referring
expression resolution and systematically analyze the limitations of existing state-
of-the-art models on this task. (3) Model: We design a partial-Reasoning-based
Visual Chain-of-Thought (SV-COT) baseline model, which fuses gestural and
linguistic information via a Visual Chain-of-Thought mechanism, significantly
improving referring localization accuracy. (4) Open-source: We release the
dataset, benchmark code, and model implementation to advance research in
multimodal referring and embodied Al
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Fig. 2: Statistical overview and distribution analysis of the Ego-Point Ground dataset.
The dataset encompasses a broad spectrum of everyday objects, accompanied by
semantically rich and lexically diverse textual annotations.
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Table 1: Feature comparison of EgoPoint versus representative reference datasets.

Dataset Lang. Gest. Embo. Ego/Exo Pose VQA Source No. images
PointAt [68] X v v Ego X X Lab 220
ReferAt [67] X v v Exo X X Lab 242
PO [70] x v v Exo X X Lab 278
IMHF [71] x x v Ego X X Lab 1,716
RefIt [41] VA X Exo X X CLEF 19,894
YourRefIt |12] v v v Exo X X  Crowd-Sourced 497,348
RefCOCO [86] v X X Exo X X MSCOCO 19,994
RefCOCO+ 9] v X X Exo X X MSCOCO 19,992
RefCOCOg [62] v X X Exo X X MSCOCO 26,711
Flickr30k ent. [64] v X X Exo X X Flickr30K 31,783
GuessWhat? |18] 4 X X Exo X X MSCOCO 66,537
Cops-Ref [13] X v X Exo X X COCO/Flickr 75,299
CLEVR-Ref+ [55] X X X Exo X X CLEVR 99,992
Ours v v 4 Ego v v/ Mixed/Hybrid 15,338

Note: Ego: Egocentric; Exo: Exocentric; Lang.: Language; Gest.: Gesture; Pose: Pose annotations;
VQA: Visual Question Answering; Embo.: Embodied. Source indicates the data origin: Lab (expert
capture), public datasets (e.g., MSCOCO, CLEVR), or Crowd-sourced (AMT). Mixed/Hybrid denotes
a combined collection methodology.

2 EgoPoint-Ground Dataset

The EgoPoint-Ground Dataset represents the first high-fidelity and high-complexity
egocentric benchmark designed explicitly for hand referential grounding. It fea-
tures diverse scenarios critical for egocentric interaction, particularly simulating
the challenge of referential Question Answering (QA) [5] within smart-glasses
settings [73]. The images are meticulously annotated with precise pixel-level
joint labels, encompassing a comprehensive set of visual elements: target object
bounding boxes, detailed hand poses information, and corresponding natural
language descriptions. Table [1| details the comparison between our dataset and
existing reference understanding datasets.

Figure [1] provides an overview of the dataset’s structure and content. The
following sections detail the composition, creation pipeline, and statistical analysis
of the EgoPoint-Ground Dataset. More details are in the Appendix.

2.1 Dataset Analysis

Our dataset comprises 15,338 images spanning more than 300 object categories
and over 20 everyday scenarios, such as indoor, outdoor, street, and kitchen
environments, as well as animal- and food-related scenes. Each image contains an
average of 2.8 candidate objects, with 63.7% of samples featuring > 2 objects of
the same category and 42.5% of targets exhibiting moderate or severe occlusion.
The dataset includes both positive and negative samples, with 2,171 negative
samples (14.15%) that further increase localization difficulty.

We adopt a two-stage splitting strategy. First, under the mixed split, all data
sources are combined and randomly partitioned into training, validation, and test
sets at a 7 : 1 : 2 ratio. Second, to simulate real-world deployment, we employ
a domain-adaptive split: real-world data captured by smart glasses is reserved
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Fig. 3: Analysis of Cross-Modal Quality and Semantic Diversity. Figure (a) shows the
visual-textual semantic alignment heatmap. The high diagonal similarity confirms strong
semantic consistency between images and descriptions. Figure (b) displays the category
semantic distribution scatter plot. Image description embeddings are visualized in 2D
using PCA (color-coded by category). The points are uniformly distributed without
significant clustering, demonstrating the diversity of the dataset’s semantic space.

exclusively for testing, while synthetic and generative data are used for training.
Specifically, real-captured, synthetically composed, and LLM-generated samples
number 6,035, 5,976, and 3,327, accounting for 39.35%, 38.96%, and 21.69% of
the dataset, respectively.

Category distribution reveals that person dominates at 47.1%, reflecting the
inherent nature of egocentric perception—interactions between the wearer and
other individuals constitute the most frequent and fundamental scenario. The
remaining 19 major categories are relatively balanced (each ranging from 2.2%
to 4.3%), as shown in Figure 2]

Data collection involved 17 participants with diverse demographic attributes
(gender, skin tone, age) across varied environments and time periods, ensuring
comprehensive representation in both subject and environmental diversity.

Cross-Modal Consistency Analysis We assess the cross-modal consistency
between images and captions by randomly sampling N; images and N¢ captions
and calculating the cosine similarity between their CLIP-generated visual
(v;) and textual (¢;) embeddings:

’Ui‘tj

(1)

Sim;; = |Ui||tj|.

As illustrated in Figure a), the image-text similarity heatmap exhibits a pro-
nounced diagonal dominance. This robust alignment confirms the precise semantic
correspondence of the image-text pairs within our dataset, thereby validating its
high annotation quality and consistency.
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Fig. 4: Overview of the Ego-Point Ground Dataset Collection and Multi-Stage Annota-
tion Pipeline. Stages 1-3 illustrate the raw data acquisition and fundamental annotation
workflow. Stage 4 details the extraction of 2D keypoint pose information. Subsequently,
Stage 5 focuses on generating high-quality Visual Question-Answering (VQA) pairs for
the target objects.

Caption Semantic Diversity Lexical Diversity: Figure c) shows that the
dataset emphasizes interactive elements. High-frequency terms include common
entities (e.g., "object", "person"), spatial indicators (e.g., "frame", "environ-
ment"), and dynamic interaction words (e.g., "pointing", "hand") paired with
spatial terms (e.g., "right", "left"). This highlights the dataset’s focus on context
and dynamic egocentric behaviors.

Semantic Uniformity: To assess semantic diversity, we employ t-SNE
to project caption vector representations ¢; € R? into a 2D scatter plot, as
shown in Figure b). The results demonstrate significant spatial dispersion for
most category captions, confirming high semantic diversity. A few categories
exhibit tighter clustering, indicating higher linguistic consistency. The dataset’s
descriptive richness is supported by its broad spatial and categorical diversity.

2.2 Data Collection Pipeline
The EgoPoint-Ground Dataset uses a Hybrid Data Generation Paradigm to blend
real-world diversity with the efficiency of synthetic data, as shown in Figure [ It
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Fig. 5: Image Examples of Ego-Point Ground Dataset. We showcase example images
and partial annotations from the dataset, including bounding boxes for the hand and
the target object, as well as the corresponding caption for the target object. The first
row specifically illustrates data collected from our real-world captures.

combines three main data sources, which are processed and annotated using a
dedicated LMM-Aided Synthesis and Editing Pipeline . A partial example
of the dataset is shown in Figure

Real-World Data The first source ensures high fidelity by capturing real-world
scenarios, We demonstrate this process in Stage 1 of Figure [l Researchers wearing
smart glasses recorded egocentric images of hands pointing at objects in various
environments (e.g., schools, supermarkets, homes). Data collectors provided
detailed descriptions via voice, which were transcribed and initially drafted by
an LLM. Human annotators then reviewed and corrected the LLM-generated
text, and manually annotated pixel-accurate bounding boxes for the target object
and hand region. This process produced the core caption components: image
description, object referent, and hand description.

Synthetic Generation The second component utilizes LMMs for directed
image synthesis to efficiently generate challenging referential scenarios that are
difficult to capture in the real world, such as complex occlusions or specific lighting
conditions. The data collection procedure for this section is shown in Stage 2 of
Figure[d] Researchers manually filtered the synthetic Egocentric images to remove
unqualified samples. For captioning, participants provided voice descriptions,
which were transcribed by an LLM and then subjected to rigorous human review
and correction. Target bboxes were manually labeled for precise localization.

Image Editing To efficiently scale the dataset and facilitate domain migration,
we employed LMM-aided image editing, as shown in Figure[4] stage 3. We selected
third-person perspective images from existing datasets and guided a Multi-
modal Large Model (LMM) with Egocentric-specific prompts to edit them into
egocentric scenes featuring hand pointing. The edited images underwent stringent
human screening and secondary annotation to correct LMM-induced pointing
inaccuracies. An LLM concurrently structured the captions into three parts:
image description, object referent, and hand description.
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Fig. 6: Architectural overview of the SV-CoT framework. The egocentric hand
bounding box B2 , is aligned into discrete spatial anchors Tpos. Zero-shot grounding
is reformulated as a latent reasoning chain R that sequentially infers: (1) a deictic
directional primitive v; (2) a virtual ray L£(t) to spatially prune distractors into a
candidate set §2; and (3) a multi-modal semantic verification score ¥ to either resolve
the target BBoxo or explicitly reject it via threshold 7.

Auxiliary Annotation and Quality Control To enrich the dataset’s dimen-
sions and potential applications, we generated auxiliary annotations (Stage 4 and
Stage 5 in Figure @[) An advanced pose estimation model was used to process
hand regions in the images, extracting keypoints for Hand Pose annotations,
which were refined through human review. Simultaneously, we leveraged the
fine-grained captions and an LLM to construct challenging referential QA Pairs.

2.3 Ethical Considerations

The EgoPoint-Ground dataset was collected following strict ethical and privacy
guidelines. Participants gave written consent, understanding the data’s use and
their privacy rights. All images and metadata were de-identified to protect
Personally Identifiable Information.

Access is limited to certified researchers through a formal licensing system,
with clear usage rules and penalties for violations. We ensure full compliance
with ethical standards and prioritize participant privacy.

3 Task Setting

In this section, we establish a comprehensive benchmark for Egocentric Deictic
Visual Grounding. By introducing high-quality annotations alongside a robust
baseline framework, we provide a solid groundwork to catalyze future research in
this novel domain. Leveraging the newly constructed EgoPoint-Ground dataset,
we formally define the following evaluation tasks:
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Table 2: Quantitative results of state-of-the-art models on the EDG task, evaluated
across both Hybrid (mixed synthetic and captured) and Real-World (naturally captured)
datasets. Shaded rows categorize the models into distinct performance tiers, while the
Human Study establishes the theoretical upper bound.

Model EDG — Hybrid EDG — Real-World
P@0.3 1+ PQ0.5 1 PQ0.7 1+ PQ0.3 1+ PQ0.5 1 PQ0O.7 1
Qwen3-VL-4B 83| 0.743  0.702 0.622 0.747 0.699 0.616
Qwen2.5-VL-3B [75] 0.731 0.671 0592 0.738 0.632  0.488
Qwen3-VL-8B 83| 0.726  0.676  0.598 0.789  0.701  0.593
Qwen2.5-VL-7B [75] 0.721  0.653 0.563 0.776  0.688  0.533
LLaVA-OneVision-4B 3| 0.679 0.475 0.145 0.654 0.431 0.129
InternVL-3.5-8B |76| 0.554 0.413 0.270 0.592 0.427 0.214
GroundingGPT [49] 0.447 0358 0.219 0.354 0.259  0.127
DeepSeek-VL2 [78| 0.344 0293 0.259 0.364 0.296  0.245
LLaVA-v1.5-13B |53| 0.338 0.198 0.079 0.274 0.128  0.042
Ferret-7B 85| 0.282 0.221 0.181 0.258 0.203 0.160
Florence2-Large |79| 0.241 0.188 0.149 0.234 0.193 0.153
Florence2-Base |79) 0.149  0.110 0.080 0.141 0.121  0.075
GPT-5.4-mini 0.625 0.429 0.204 0.578  0.267  0.100
gemini-3-flash-preview 0.681 0.548 0.344 0.727  0.591 0.364
doubao-seed-2.0-lite 0.718 0.688 0.641 0.875 0.847 0.819
qwen3.6-flash 0.793 0.725 0.624 0.822 0.745  0.667

SV-CoT [Qwen3-vl] (Ours) 0.795 0.756 0.718 0.820 0.818 0.727
Human Study 0.979 0.914 0.846 0.994 0.918 0.874

3.1 Egocentric Deictic Visual Grounding (EDG)

Motivation: In real-world embodied interactions, deictic gestures and natural
language exhibit strong synergistic complementarity. While physical pointing
provides an immediate spatial prior, linguistic descriptions supply essential
semantic attributes. Because neither modality is independently sufficient to
resolve complex spatial or semantic ambiguities, we formulate the Egocentric
Deictic Grounding (EDG) task. This benchmark challenges models to seamlessly
integrate static hand-pointing cues with linguistic context to achieve robust
cross-modal localization.

Task Definition: Formally, the EDG task requires the precise spatial localization
of a target object O through the fusion of visual and linguistic information. The
input consists of an egocentric image Z, the 2D bounding box of the pointing
hand B2 . and an underspecified linguistic referent Do (e.g., "this object"
or "that boy"). Notably, Do identifies the target’s category or intent but lacks
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Table 3: Performance of state-of-the-art models on the D-VQA task across Hybrid
(mixed synthetic/captured) and Real-World (exclusively captured) datasets. The
"Human Study" denotes the evaluation results from human participants.

D-VQA (Hybrid) D-VQA (Real-World)
Model

Acc.t M-F11t Rec.t Acc.t M-F11 Rec.t

LLaVA-OneVision-8B [3] 0.531 0.519 0.548 0.544 0.525 0.526
LLaVA-OneVision-4B 3] 0.510 0.535 0.547 0.521 0.476 0.487

Qwen3-VL-8B (83| 0.494 0.484 0.490 0.517 0.510 0.503
Qwen3-VL-4B 83| 0.471 0.488 0.495 0.456 0.507 0.489
Qwen2.5-VL-7B |75] 0.457 0.427 0.445 0.444 0.428 0.411
Qwen2.5-VL-3B [75] 0.456 0.461 0.470 0.441 0.527 0.523
DeepSeek-VL2-Small [78]  0.413 0.459 0.455 0.457 0.523 0.506
DeepSeek-VL2 [78| 0.412 0.461 0.473 0.393 0.397 0.390
InternVL-3.5-4B |76| 0.445 0.461 0.445 0.433 0.368 0.367
InternVL-3.5-8B |76] 0.316 0.392 0.381 0.286 0.398 0.380
GroundingGPT [49] 0.334 0.363 0.364 0.392 0.352 0.350
LLaVA-v1.5-13B |53| 0.267 0.249 0.245 0.147 0.150 0.137
Human Study 0.811 0.631 0.653 0.877 0.756 0.753

unique spatial discriminability. Input: (Z, Bzfnd, Do); Output: The 2D bounding
box of the target object, BBoxo.

3.2 Deictic Visual Question Answering (D-VQA)
Motivation: The ultimate goal of advanced embodied agents is to achieve mean-

ingful, situated interaction and manipulation. Following successful localization,
high-level reasoning about the target object in the environment is often required
to determine subsequent actions and intent. The D-VQA task aims to evaluate a
model’s ability to perform high-level Situated Reasoning on the target object after
successfully parsing the hand pointing intent and localization, thereby supporting
decision-making and action planning.

Task Definition: Given the image Z, the hand’s 2D bbox Bifnd, and a specific
question about the referred object Q (eg. "What is this?", "What is the boy
wearing? "), the model must provide the answer. Input: (Z, B2 . Q); Output:
The answer to the question, A.

3.3 Language-Only Grounding(D-REC)

Motivation: The Language-Only Grounding task follows the paradigm of tra-
ditional Referring Expression Comprehension (REC) but is specifically tailored
for egocentric deictic scenarios. The motivation is twofold: first, to quantify the
model’s independent capability to interpret referential linguistic cues (e.g., "this",
"this boy") within a first-person visual context; and second, to serve as a rigorous
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ablation baseline for evaluating the performance gain of multi-modal fusion (as
in EDG) over a purely linguistic-driven approach on the same dataset.
Task Definition: Input: (Z,Dgp); Output: BBozo.

3.4 Physical Pointing-Only Grounding (POG)

Motivation: This task aims to quantify the independent referencing capability
of the hand-pointing pose. By providing only the 2D hand bbox, we evaluate
the model’s ability to infer spatial pointing intent purely from the static hand
configuration. This forms another EDG ablation baseline.

Task Definition: Input: (Z, B2 .); Output: BBoze.

4 Experiment
4.1 Baseline Method

To bridge the granularity gap between continuous visual coordinates and the
discrete linguistic vocabulary of MLLMs, we adopt a coordinate-to-token align-
ment protocol. Given an egocentric image Z and the referrer’s hand bounding
box BP . = [z,y,w, h], we apply a spatial quantization function ¢(-) to map

each coordinate into N discrete spatial bins (where N = 1000):

Toos = {(bine) | c € BiD06(c) = | T+ (W= 1)} ©)

These quantized tokens 7,,s serve as Spatial Anchors, grounding the LLM’s
attention to the specific ego-gestural region within the multimodal input stream.

SV-CoT: Spatial-Reasoning-based Visual Chain-of-Thought Instead of
treating grounding as a direct regression task, we reformulate it as a structured
inference process. We present SV-CoT, a zero-shot inference framework instan-
tiated on Qwen3-VL [83]. As depicted in Figure [6] this baseline systematically
decomposes the complex deictic intent into a sequential latent reasoning chain
R. Formally, the target distribution P(BBozo | Z,B2 .. Q) is modeled by
marginalizing over a sequence of geometric rationales:

P(BBozo | Xin) = Y  P(BBozo | R, Xin) P(R | X;) (3)
R

where X;,, = (Z,B30 .. Q) denotes the multimodal input context. The reasoning
variable R = {Tqir, "patn, Tres} 1S instantiated as a causal chain of linguistic
tokens, mimicking human-like spatial deduction:

1. Deictic Intent Parsing (r4ir): The model first performs an anatomical-to-spatial
projection. By analyzing the orientation of the hand within the anchor Bigmﬂ
the MLLM instantiates a directional primitive v € R?, effectively transforming
local gesture posture into a global pointing prior.
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2. Geometric Trajectory Simulation (Tpqen): This primitive defines a virtual ray
L(t) = Phanda + t - v, where Ppanq denotes the spatial centroid of B,ngnd. The
model executes a spatial pruning operation, identifying a candidate set {2 =
{w1,...,wy} of visual regions that satisfy the intersection constraint w; NL(t) # 0.
This effectively filters spatial distractors from cluttered egocentric scenes.

3. Spatio-semantic Verification (ryey): The final phase involves a multi-modal
alignment check. The model resolves the target BBox o by evaluating the semantic
consistency ¥ between the linguistic query @ and the pruned candidates {2:

BBozop = (4)

argmax,en ¥(w, Q) if max,co¥(w,Q) > 71
1%} otherwise
where 7 is a confidence threshold for explicit rejection. By parameterizing the
zero-shot inference as Y = [R, BBozp|, SV-CoT enforces a structural constraint
that mitigates spatial hallucination and ensures referential consistency.

4.2 Evaluation Metrics

We evaluate the proposed benchmarks using the following metrics:
Localization Metrics: For EDG, D-REC, and POG tasks, we adopt Precision@r
as the core metric, which measures the proportion of samples where the Intersec-
tion over Union (IoU) between the predicted and ground-truth bounding boxes
exceeds threshold 7. We report results at 7 € {0.3,0.5,0.7} to reflect varying
localization precision.

Classification Metrics: For the D-VQA task, we employ Accuracy (Acc.),
Macro Fl-score, and Macro Recall to assess the correctness of answers. Macro-
averaging is specifically used to ensure a fair evaluation across the class-imbalanced
distribution of our dataset.

4.3 Experimental Results

Results on Egocentric Deictic Grounding We conduct a comprehensive
evaluation of state-of-the-art MLLMs and VG models on the EDG task across
both hybrid and real-world scenarios (see Table . The results reveal a distinct
performance hierarchy: the Qwen3 and Qwen2.5 series lead the field due to their
superior vision-language alignment (e.g., Qwen3-VL-8B achieves P@0.5 of 0.701
on real-world), whereas foundational models like Florence2 and LLaVA-v1.5
struggle, with accuracies consistently below 0.34. Notably, while baseline models
exhibit a sharp performance decline at higher precision thresholds (P@0.7),
highlighting the significant challenge of fine-grained gesture-to-object localization,
our method demonstrates remarkable resilience. Specifically, a substantial gap of
over 26% persists between the top-performing baseline and the Human Study
upper bound (P@0.5 > 0.914), suggesting that general-purpose MLLMs have yet
to master complex "hand-object" spatial logic. Our proposed baseline, SV-CoT,
explicitly guides spatial reasoning via a Visual Chain-of-Thought, achieving an
impressive absolute improvement of 11.7% (0.818 vs. 0.701) in real-world and
5.4% (0.756 vs. 0.702) in hybrid scenarios at P@0.5 over the strongest open-source
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Table 4: Performance comparison on conventional REC and dedicated POG tasks.
Absolute scores are reported with relative gains/losses compared to the baseline (Inputs
are provided without either spatial or linguistic cues) in parentheses.

D-REC POG
Model
P@0.3 1 PQ0.5 1T PQ0.7 1 PQ@0.3 1+ PQ@0.5 1T PQO.7 1
Qwen3-VL-4B 83| 0.737 0.684 0.605 0.671 0.612 0.532
(+0.087) (40.118) (4+0.123) (+0.021) (+0.046) (+0.050)
Qwen3-VL-8B 83| 0.701 0.648 0.561 0.653 0.595 0.514
(+0.111) (40.087) (+0.077) (+0.063) (+0.034) (+0.030)
Qwen2.5-VL-7B 75| 0.703 0.638 0.541 0.670 0.611 0.515
(+0.190) (40.160) (+0.125) (+0.157) (+0.143) (+0.099)
Qwen2.5-VL-3B [75] 0.665 0.592 0.491 0.575 0.501 0.407
(4+0.169) (+0.167) (+0.139) (+0.079) (+0.076) (+0.055)
LLaVA-OneVision-4B 3| 0.586 0.347 0.088 0.525 0.292 0.065
(+0.194) (40.186) (4+0.071) (4+0.133) (+0.131) (+0.048)
LLaVA-OneVision-8B 3] 0.505 0.258 0.049 0.403 0.181 0.025
(+0.167) (40.110) (4+0.027) (4+0.065) (+0.033) (+0.003)
InternVL-3.5-4B |76] 0.535 0.402 0.272 0.416 0.305 0.203
(+0.149) (40.135) (4+0.092) (4+0.030) (+0.038) (+0.023)
InternVL-3.5-8B |76] 0.456 0.325 0.210 0.497 0.311 0.178
(+0.066) (+0.045) (+0.006) (+40.107) (+40.031) (-0.026)
DeepSeek-VL2-Small [78] 0.443 0.393 0.341 0.375 0.318 0.274
(-0.001)  (-0.005) (+0.023) (-0.069) (-0.080) (-0.044)
Ferret-7B 85| 0.428 0.350 0.261 0.413 0.353 0.281
(+0.029) (+0.015) (-0.001) (+0.014) (+0.018) (+0.019)
GroundingGPT [49] 0.378 0.261 0.129 0.536 0.443 0.305

(-0.149)  (-0.169)  (-0.162) (-+0.009) (+0.013) (+0.014)

SV-CoT [Qwen3-vl] (Ours) 0.814 0.750 0.694 0.694 0.639 0.556
Human Study 0.952 0.926 0.819 0.956 0.916 0.806

baselines. Furthermore, SV-CoT effectively maintains a high accuracy of over 0.71
even at the strict PQ@0.7 threshold, significantly mitigating semantic ambiguity in
deictic references. Interestingly, most baseline models perform slightly better in
real-world than in hybrid scenarios. This discrepancy arises because the hybrid set
serves as a rigorous stress test, incorporating a higher density of synthetic noise,
extreme viewpoint augmentations, and occlusions that surpass the distributional
complexity of natural captures.

Results on Deictic Visual Question Answering The D-VQA task requires
models to establish deep semantic correlations between hand-pointing gestures
and specific linguistic queries within complex visual scenes. As shown in Table
Bl LLaVA-OneVision and the Qwen3-VL series demonstrate competitive per-
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formance, with LLaVA-OneVision-8B achieving the highest accuracy of 0.544
in real-world scenarios. In contrast, foundational or smaller-scale models (e.g.,
LLaVA-v1.5) struggle with such gesture-based visual reasoning.

Despite progress by top-tier models, a performance gap of approximately
30% remains relative to the Human Study upper bound (Acc. > 0.81). This
gap underscores the inherent difficulty for general-purpose MLLMs in precisely
mapping spatial coordinates (Hand Bbox) to semantic question-answering, a

challenge we define as deictic alignment failure.
Ablation Studies: Linguistic vs. Geometric Cues D-REC and POG evaluate

referential understanding using isolated linguistic or physical cues (Table .
Compared to the multimodal EDG task, all models show significant performance
drops, confirming the severe referential ambiguity of unimodal inputs. While
Qwen3 maintains a robust PQ@0.5 of 0.684 in D-REC, POG results expose a
critical deficiency in geometric understanding. Models generally perform worse on
POG, collapsing at high-precision thresholds (e.g., LLaVA-OneVision-8B drops
to 0.025 at P@0.7). This indicates that current MLLMs fail to map the spatial
trajectory from "fingertip" to "target" without linguistic aid, revealing a massive
gap in physical intent comprehension compared to human performance.

Our baseline, SV-CoT, effectively mitigates these restrictions via a Visual
Chain-of-Thought. It achieves 0.639 at PQ0.5 in POG (an absolute gain of 2.7%
over the strongest baseline) and 0.750 in D-REC (a 6.6% gain). This demonstrates
that explicit gesture-object spatial modeling effectively overcomes the limitations
of isolated geometric or linguistic perception.

5 Conclusion

In this work, we formalized the egocentric deictic visual grounding task, directly
addressing the inherent inadequacies of text-only queries in resolving physical in-
teraction ambiguities. Our primary contribution is EgoPoint-Ground, a pioneering
large-scale multimodal dataset comprising over 15,000 densely annotated samples
that capture hand-gesture and linguistic co-reference. Upon this foundation, we
established a rigorous benchmark evaluating a wide spectrum of state-of-the-art
MLLMs and visual grounding architectures. Furthermore, we introduced SV-CoT,
a robust baseline framework that synergizes gestural primitives and linguistic
context through a Visual Chain-of-Thought reasoning mechanism. We will open-
source our dataset and models to advance research in embodied Al, egocentric
vision, and multimodal interaction.

Limitations and Future Work While EgoPoint-Ground provides a robust
baseline, it currently focuses on canonical index-finger pointing in static images,
limiting the exploration of complex gestures and continuous spatiotemporal
trajectories. Furthermore, extreme cases involving severe occlusion or highly
distal targets remain challenging. To capture dynamic pointing intents, future
work will expand this paradigm into the video domain.
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