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Abstract

Humans have a remarkable ability to use co-speech deictic gestures, such as point-
ing and showing, to enrich verbal communication and support social interaction.
These gestures are so fundamental that infants begin to use them even before they
acquire spoken language, which highlights their central role in human communica-
tion. Understanding the intended targets of another individual’s deictic gestures
enables inference of their intentions, comprehension of their current actions, and
prediction of upcoming behaviors. Despite its significance, gesture target estima-
tion remains an underexplored task within the computer vision community. In
this paper, we introduce GestureTarget, a novel task designed specifically for
comprehensive evaluation of social deictic gesture semantic target estimation. To
address this task, we propose TransGesture, a set of Transformer-based gesture
target prediction models. Given an input image and the spatial location of a person,
our models predict the intended target of their gesture within the scene. Critically,
our gaze-aware joint cross attention fusion model demonstrates how incorporating
gaze-following cues significantly improves gesture target mask prediction IoU by
6% and gesture existence prediction accuracy by 10%. Our results underscore
the complexity and importance of integrating gaze cues into deictic gesture inten-
tion understanding, advocating for increased research attention to this emerging
area. All data, code will be made publicly available upon acceptance. Code of
TransGesture is available at GitHub.com/IrohXu/TransGesture.

1 Introduction

Human social communication is profoundly multidimensional and multimodal. Beyond speech,
gestures and body language play an important role in conveying intent, directing attention, and
facilitating social interaction [1, 2, 3]. For example, a simple pointing gesture can silently direct
someone’s gaze toward a distant object, implying the intention of "look at that"; a simple giving
gesture can pass a business card to someone, implying the intention of "remember me". Such deictic
gestures (e.g., pointing with a finger or transferring an object with hands) enable people to share
focus and coordinate actions without speaking. The ability to interpret these gestures is fundamental
to human social capability – we can easily infer what another person is referring to when they present
deictic gestures [4, 5]. Endowing machines with a similar understanding of human gestures would
significantly advance human–AI communication and embodied intelligence, enabling applications
from assistive robotics to mental monitoring tools where AI agents must respond to non-verbal
gesturing cues [6, 7, 8, 9, 10, 11].

However, despite decades of progress in object detection and action recognition, the specific task of
estimating gesture targets - inferring what a person is gesturing to - has remained largely unexplored.
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Subject person is wearing a graphic t-shirt and a 
watch, sitting at a table surrounded by others, 
pointing to the left while engaged in a group 
activity.

Subject person is a dark-skinned individual wearing 
a purple sleeveless top and holding a white paper 
bag. They are outdoors near a building with 
greenery in the background, receiving an orange 
box from another person.

Subject person  is Ed, who is wearing a black jacket 
over a green shirt, sitting on the far left side of the 
table, and appears to be engaged in conversation 
or observing the game.

Subject person in the highlighted image has long 
dark hair, a beard, and is wearing a patterned shirt. 
They are seated at a table, gesturing with their 
hands as if explaining or discussing something 
during a group activity.

Figure 1: Gesture Target Estimation: the first row is the input image and the location of subject
person; the second row is the groundtruth mask of the target; the third row visualizes the gesture
interaction between subject person and target. The fourth row is the text description of subject person.

Prior work has primarily focused on gesture classification [12, 13, 14] or synthesis [15, 16, 17, 18],
rather than on interpreting their referential intent. Additionally, gesture target estimation is particularly
challenging. Unlike standard object detection or segmentation, it requires reasoning across multiple
pieces of information, including body pose, gaze direction, spatial context, and occlusions. A pointing
gesture might refer to a nearby object or a distant landmark, and the intended referent may be partially
hidden. Compounding the challenge, there exist no public datasets for this task, limiting progress in
the field.

In this paper, we address the previously mentioned gaps by introducing GestureTarget, a novel
benchmark dataset for deictic gesture target estimation, and a Transformer-based gaze-aware gesture
model, TransGesture, that learn to predict the targets of human gestures by leveraging multimodal
cues. GestureTarget is, to our knowledge, the first large-scale dataset focused on images of people
engaged in deictic gestures (such as pointing, reaching, or showing an object) with annotations of the
intended target of each gesture. Each data instance in GestureTarget consists of an image containing a
specified person-of-interest who is performing a gesture, along with bounding box and segmentation
mask annotation indicating the target of that gesture. By collecting and curating this benchmark, we
aim to facilitate the quantitative evaluation of models on the gesture target estimation task and drive
progress on this underexplored problem.

Building on this dataset, we propose TransGesture, a group of Transformer-based baseline models
designed for gesture target prediction. Inspired by the psycholinguistic and cognitive theory in the
relationship between gaze and deictic gesture [19, 20, 21, 22], we incorporate gaze target prediction to
guide the estimation of gesture target. By fusing gaze direction via multi-layer joint cross attention, the
model can disambiguate the intended gesture target even in complex scenes. We term TransGesture
as “gaze-aware gesture models” because they have a pre-trained gaze target estimation branch (on
the GazeFollow [23] dataset). They are then finetuned with a large amount of gestural data from
the GestureTarget dataset. TransGesture models are designed to be adaptable, serving as a basis
for various deictic gesture understanding tasks. Experimental results show that our approach of
incorporating gaze cues significantly improves performance in identifying deictic gesture targets,
validating the intuition that “where they look” helps convey “what they point at.” Our contributions
can be summarized as:

(1) We propose TransGesture, a group of Transformer models that integrates human gesture and
gaze social cues through large-scale frozen visual encoder and applys joint cross attention fusion
mechanisms to accurately infer gesture targets in complex visual scenes.

(2) We demonstrate that incorporating gaze target estimation as an auxiliary modality can signifi-
cantly improve understanding of deictic gesture targets, highlighting the importance of gaze as a
critical cue in understanding nonverbal human communication.
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(3) We introduce GestureTarget, a new task and dataset designed for deictic gesture target estimation,
containing over 20K annotated instances of pointing, reaching, showing, and giving gestures
with corresponding target mask annotations.

2 Related Works

Hand and Mind Gestures are a core channel of human communication, continuously shaping and
enriching spoken language. Developmental studies show that infants’ early spontaneous gesticulation
can reliably predict the timing of later linguistic milestones [24, 25, 26, 27]. McNeill argues that
gestures externalize imagery that words alone cannot always capture, so speech and gesture must
be analyzed together to expose the workings of thought [28, 29]. To distinguish different gestures,
Kendon situates gesture on a functional continuum that runs from spontaneous co-speech gesticulation,
through language-like gestures, to pantomimic emblems, and finally fully conventionalised sign
languages [30, 31]. Moving rightward along Kendon’s scale: (1) Dependence on accompanying
speech diminishes. (2) Linguistic structure becomes more explicit. (3) Idiosyncratic movements give
way to socially regulated symbols [32]. Most computer vision research has focused on the latter
two categories — emblematic gesture [33, 34, 13, 35] and sign language recognition [36, 37, 38]. In
contrast, spontaneous co-speech gestures, especially the deictic gestures, remain largely unexplored,
leaving a crucial gap in the computational understanding of human communication.

Gesture & Gaze Modeling Gesture recognition and understanding is a well-known and widely
explored task in the computer vision community, with many introduced datasets and models. Notable
datasets for gesture recognition include LD-ConGR, featuring 542 RGB-D videos representing 10
gestures [12], HaGRID, which focuses on high-resolution image based gesture recognition across
18 hand gesture classes [13], and EgoGesture, with over 2 million frames from 50 subjects, meant
for egocentric interactions with wearable devices [39]. Recently in social gesture understanding,
SocialGesture introduces a large-scale multi-person gesture dataset with more than 42,000 instances
of social gestures [40]. Almost all gesture models focus on classification, including CNN-based
models [41, 42] and Transformer-based models [43, 44, 45].

Similar to gesture analysis, interpreting gaze is important for human behavior understanding. Gaze-
Follow [23], VideoAttentionTarget [46] and ChildPlay [47] introduce the gaze-following task, where
the task requires models to predict the location in a provided scene that a target person is looking
at. Most approaches, including the original GazeFollow model, have taken a fusion-based approach,
processing elements such as depth, pose, head position and head keypoints separately and then
combining them to yield a gaze prediction [48, 49, 50, 51, 52]. More recently, Gaze-LLE [53] moved
away from multi-branch designs by utilizing a frozen, pretrained visual encoder and a decoder condi-
tioned with head position information to make individual-specific gaze predictions. However, there is
limited exploration of the relationship between gesture and gaze in model development [54, 55].

3 Gesture Target Estimation

We introduce GestureTarget, a new benchmark under CC BY-NC 3.0 License for simultaneous
localization and recognition of deictic gesture targets. To overcome the sparsity of deictic gestures in
natural images, we repurpose four existing multi-person interaction datasets—VCR [56], Werewolf
Among Us [57], SocialGesture [40], and Social-IQ [58] — each of which already provide human
and object bounding box annotations. The annotation process is described as follows: (i) Frame
selection. We manually identify representative frames containing clear deictic gestures from videos.
(ii) Pseudo-annotation. We run YOLOv11’s segmentation and a human keypoint detector [59] to
produce initial masks and bounding boxes. (iii) Human verification. Our author-annotators review
each image, confirm or correct the subject person’s body and head boxes, and select the correct
semantic mask of the gesture target. Images with incorrect human boxes or keypoints are discarded.
(iv) Dataset finalization. After removing roughly 30% of wrong-labeled frames during verification,
GestureTarget comprises 20K instances. Each instance includes: Body and head bounding boxes
of the gesturing subject; Bounding box and semantic segmentation mask for the gesture target; A
paired textual description linking the subject person to their target. Our annotation pipeline leverages
existing resources to efficiently create a rich dataset for deictic gesture target estimation.
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Figure 2: We introduce TransGesture, a new framework for gesture target estimation under the
guidance of human gaze. We first use a frozen DINOv2 to extract scene tokens and then project them
to Zgaze and Zgesture with two linear layers. After adding head or body patch encodings, Zgaze and
Zgesture are updated by two separate transformer-based decoders. The outputs are fused by a multi-
block joint cross attention transformer modules and finally upsample and decode by a convolution
mask head.

Figure 1 illustrates an example annotation from GestureTarget. Given an input RGB image X ∈
R3×H×W , our annotations include: the bounding box of the subject’s body (Xsubject ∈ R4); eye
keypoints (left eye Xleye ∈ R2, right eye Xreye ∈ R2); hand keypoints (left hand Xlhand ∈ R2, right
hand Xrhand ∈ R2); and a textual description (Xtext) detailing the subject’s appearance, location,
and action. For gesture target annotations, we provide a bounding box (Ytarget ∈ R4), a semantic
segmentation mask (Ymask ∈ RH×W ), a text description (Ytext) including the target’s attributes and
location, and a categorical existence label (Yexist) indicating whether the gesture target is present,
absent, or out of frame. The goal of the task is predicting Yexist and Ymask.

How Do SOTA Vision-Language Models Perform on GestureTarget? Additionally, to demon-
strate the utility of GestureTarget, we evaluate the zero-shot performance of state-of-the-art Multi-
modal Large Language Models (MLLMs) on predicting the existence of deictic gestures. GPT-4o [60]
achieves a deictic gesture existence accuracy of 70.21%, while Claude-3.7 [61] obtains 68.48%.
State-of-the-art open-vocabulary segmentation VLMs (GLaMM [62], OMG-LLaVA [63]) all achieve
<5.0% IoU for the gesture target mask estimation task. These results indicate that even current SOTA
MLLMs and VLMs struggle with reliably identifying deictic gestures and their target, highlighting
the importance of designing new foundation model for this task.

4 Method

4.1 Model Architecture

Figure 2 illustrates our transformer-based, gaze-aware gesture target estimation model TransGesture.
The framework consists of a large-scale frozen visual encoder and two transformer-based decoders
dedicated to gaze and gesture representation learning, respectively. Their outputs are subsequently
fused through a gesture-gaze joint cross-attention module to produce a segmentation mask of the
gesture target and a binary existence prediction.

Shared Backbone. Inspired by recent advances in VLMs [64, 65] and prior work on human pose
and gaze estimation [66, 53], we utilize visual representations from a large-scale, frozen pretrained
feature extractor as input to our downstream gesture target estimation model. While such extractors
encode rich semantic information, gesture target estimation fundamentally relies on fine-grained
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spatial reasoning across instances. We empirically found that DINOv2 [67] outperforms CLIP-
based encoders in preserving intra-instance token coherence, leading to more accurate gesture target
estimation. While CLIP excels at semantic discrimination, its token embeddings are less spatially
consistent across instances in our task setting.

Specifically, for an input RGB image X ∈ RHin×Win×3, the frozen visual encoder provide the visual
feature Z = fϕ(X), where Z ∈ RH×W×dmodel . H and W is the height and width of the output feature
map, defined by H = Hin/P and W = Win/P , where P is the patch size of the token.

Head and Body Patch Encoding. To incorporate the head position and body positions of a subject
person who perform gestures, we construct two downsampled, binarized masks Mhead ∈ RH×W

and Mbody ∈ RH×W . While Mbody is extracted by the subject’s person bounding box Xsubject,
RetinaFace-ResNet50 [68] predicts Mhead and uses the eye key points Xleye and Xreye to match
the head to extracted subject bounding boxes. Two learnable patch encoding PEhead ∈ dgaze and
PEbody ∈ dgesture are used to enhance selected region for downstream gaze and gesture decoders.
Consequently, we have:

Zgaze = Z +Mhead · PEhead (1) Zgesture = Z +Mbody · PEbody (2)

where Zgaze ∈ RH×W×dgaze and Zgesture ∈ RH×W×dgesture are feature maps projected from Z, addi-
tional absolute 2D sinusoidal position embeddings [69] are added to each visual feature before adding
the position encoding.

Transformer-based Gaze Decoder. We employ a frozen gaze decoder, pre-trained on the GazeFol-
low dataset[23], to extract feature representations of gaze targets. The decoder consists of a stack of
Transformer layers designed to model spatial dependencies relevant to gaze estimation. It takes as
input the head-conditioned feature map Zgaze, which encodes the positional and contextual visual in-
formation centered on the subject’s head. Leveraging self-attention, the decoder captures fine-grained
relationships between different spatial regions in Zgaze, enabling it to infer the likely direction and
location of the person’s gaze. We freeze the decoder to preserve its pre-learned self-attention patterns
and prevent overfitting during training on our gesture dataset.

Transformer-based Gesture Decoder. To refine the feature representation for gesture understand-
ing, we introduce other lightweight learnable Transformer layers that capture spatial dependencies
critical for gesture existence classification and target mask prediction. The input Zgesture is first
reshaped from H ×W × dgesture to HW × dgesture, where HW is the length of visual tokens and
dgesture is a smaller feature dimension. Then a learnable gesture existence token texist ∈ Rdgesture is
concatenated to Zgesture:

Z ′
gesture = [texist, t1, t2, t3, · · · , tH×W︸ ︷︷ ︸

Zgesture

] ∈ RHW×dgesture (3)

Z ′
gesture is used as the input of the gesture transformer decoder. A 2-layer MLP takes texist of the last

layer as the input and output the existence score of deictic gesture.

Gesture-Gaze Joint Cross Attention (JCA). To enhance the feature integration of gaze and
gesture, we apply a joint cross attention layer to fuse tokens. Assume Fgaze ∈ RHW×dgaze and
Fgesture ∈ RHW×dgesture are the output of the Transformer-based gaze and gesture decoder. A projection
function fg is used to alignment dimension of Fgaze to Fgesture. Thus, the gesture-gaze joint feature is
defined by:

Fjoint = [s1, s2, s3, · · · , sH×W︸ ︷︷ ︸
fg(Fgaze)

, t1, t2, t3, · · · , tH×W︸ ︷︷ ︸
Fgesture

] ∈ R2HW×dgesture (4)

Then, the module performs cross-attention between Fgesture and Fjoint:

Q = FgestureWq, K = FjointWk, V = FjointWv,

A = Softmax(QKT /dgesture), JointCrossAttention(Fgesture, Fjoint) = AV
(5)
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Figure 3: Baseline models for gesture target estimation.

Moreover, as in self-attention, we also use multiple heads when we apply gesture-gaze joint cross
attention in the Transformer model. Layer Normalization and a feed-forward network is also
connected after the joint cross attention. The design simplifies the fusion process without weakening
the interaction between gaze tokens and gesture tokens.

Joint Learning Objective. We train our model using a joint multitask objective that combines pixel-
wise binary cross-entropy loss for gesture target segmentation and focal loss for gesture existence
prediction. The ground truth for the segmentation task is a binary mask Ymask ∈ RH×W , while the
gesture existence is supervised with a binary label Yexist. We use focal loss to address class imbalance
in the existence prediction task. The overall training loss is defined as:

Ltotal = (1− β) · LBCE(Ymask, Ŷmask) + β · Lfocal(Yexist, Ŷexist) (6)

4.2 Model Training

Stage 1: Pre-training for Gaze Decoder. We first pre-train the gaze decoder on the GazeFollow
dataset[23] to precisely extract gaze-related features. Specifically, we modify the original model
architecture by removing all gesture-related branches and appending a dedicated gaze prediction
head after the gaze decoder. The training objective is formulated as minimizing the pixel-wise binary
cross-entropy loss for gaze target heatmap prediction. An auxiliary head regression loss [52] for
2D spatial guidance is also used. During pre-training, we freeze the visual encoder parameters and
exclusively optimize all weights associated with the gaze decoder, including the head positional
encoding [53].

Stage 2: Fine-tuning End-to-End. In this stage, we always keep the visual encoder weights and
gaze decoder frozen, and continue to update the weights in the gesture decoder and fusion modules.
The training objective is the joint multitask loss function defined in Formula 6.

4.3 Baselines

Apart from the gesture-gaze joint cross attention fusion module, we also introduce several baseline
fusion strategies designed for gesture target estimation. These baseline models serve as initial
benchmarks and can be considered as different varient of TransGesture, providing insights into the
effectiveness of incorporating multimodal information such as gaze direction and visual context.
Each baseline employs a shared frozen visual encoder and separate decoders for gaze and gesture
targets, but they differ in their approach to fusing gesture and gaze cues.

Direct Fusion. Direct fusion integrates gaze and gesture visual features via straightforward concate-
nation. Specifically, the visual encoder extracts visual features, and the gaze decoder provides gaze
features. These two feature vectors are concatenated along the channel dimension and then passed to
the gesture decoder. Formally, the fusion can be described as: Ffusion = Concat(Fgaze, Fgesture).

This simple concatenation facilitates the basic integration of multimodal information but does not
explicitly model interactions between modalities.

Conv Fusion. Deep convolution fusion method employs a more sophisticated convolution-based
fusion strategy designed to capture richer multimodal interactions. After obtaining visual features
and gaze features , these features are concatenated and subsequently processed through convolutional
layers (denoted as Conv) in residual blocks (ResBlock) [70] to better integrate and refine multimodal
interactions. The single step fusion operation can be formally represented as:
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Ffusion = ResBlock(Concat(Fgaze, Fgesture)) + Fgesture (7)

The Conv Fusion approach thus explicitly learns interactions between gaze and visual contexts,
enhancing the ability of the model to accurately predict gesture targets in complex scenes.

5 Experiments and Results

5.1 Implementation Details

All models are trained and evaluated on the proposed GestureTarget dataset, using an 80:20 split
for training and testing. Following practices from PASCAL VOC Action Recognition [71], where
ground-truth bounding boxes for subjects are provided during both training and evaluation, we
similarly assume availability of the subject person’s bounding box at both train and test time. For
gaze decoder pre-training, we use the official GazeFollow training dataset [23].

Evaluation Metrics We evaluate the gesture target estimation performance by two main metrics:
Existence Accuracy, whether the intended target is correctly detected as present in the scene, and
IoU, the localization overlap with the true target.

Technical Details All models in our study generate gesture target masks with a resolution of
128× 128. We freeze the visual encoder during training, using its default image and patch sizes. For
the gesture-gaze fusion module, we employ three Transformer layers featuring joint cross-attention,
each configured with 16 attention heads and a 1024-dimensional MLP. To enhance model robustness
and generalization, we apply diverse augmentation techniques during training, including head/body
bounding box jittering, color jittering, random resizing and cropping, random horizontal flipping,
random rotations, and random masking of scene patches. All models are trained for 25 epochs using
the Adam optimizer and a cosine learning rate scheduler with an initial rate of 1e-3 and batch size
32, followed by an additional 5 epochs with a reduced learning rate of 1e-5. All experiments are
conducted with 1 NVIDIA H100 GPU.

5.2 Main Results

Table 1 compares the performance of different fusion strategies and visual encoders for gesture target
estimation, reporting Existence Accuracy, which indicates whether the intended target is correctly
detected as present in the scene, and IoU, which measures the localization overlap with the true
target. We analyze the effectiveness of the proposed Gesture-Gaze Joint Cross-Attention (JCA)
fusion module across various visual backbones. JCA fusion consistently improves performance
for all tested image encoders, outperforming other fusion strategies in both existence accuracy and
IoU. For instance, with the CLIP-Large encoder, the baseline (gesture-only, no gaze) achieves an
existence accuracy of 79.21% and an IoU of 54.37%. Incorporating JCA improves them to 87.66%
and 56.65%, respectively – an absolute gain of +8.5% in accuracy and +2.3% in IoU. A similar trend
is observed with the SigLIP-Base model. Notably, the DINOv2-Base backbone, which starts with a
relatively low-performing baseline, sees the largest improvement: JCA raises its existence accuracy
from 79.19% to 89.01% and IoU from 52.14% to 58.48% (a +9.8% and +6.3% jump, respectively).
Across all encoders, JCA yields the best performance among the fusion modules. In comparison,
convolution-based fusion techniques Direct Fusion and Conv Fusion offer only modest gains, and
can even degrade target estimation performance if not carefully designed. These results highlight
the effectiveness of the joint cross-attention module in integrating gaze and gesture cues, leading to
higher accuracy and more precise localization across all visual encoders.

In addition, we also recruited 10 volunteer participants and asked them to perform two tasks on a
randomly selected subset of 50 images from our test set: (1) Gesture existence detection (binary
classification): determining whether the subject in the image is performing a deictic gesture; and (2)
Target identification: if a gesture is present, identifying the intended target in the image by clicking on
the corresponding object or person mask. For the gesture existence detection task, the average human
performance was 87.00%, with a maximum of 90.00%. For the target estimation task, we measured
performance by the IoU between the region selected by each participant and the ground-truth target
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TransGesture series Models

Visual Encoder #Params Resolution/Patch Size Fusion Method Gaze Guidance Exist Acc (%) ↑ IoU (%) ↑

CLIP-Large* [72] 303M 336/14

Gesture-Only ✗ 79.21 54.37
Direct Fusion ✓ 83.23 53.70
Conv Fusion ✓ 85.19 56.07
JCA Fusion ✓ 87.66 56.65

SigLIP-Base [73] 86.0M 512/16

Gesture-Only ✗ 75.96 54.58
Simple-Fusion ✓ 83.52 54.24
Conv Fusion ✓ 84.32 55.68
JCA Fusion ✓ 84.48 57.54

SigLIP2-Base [74] 86.0M 512/16

Gesture-Only ✗ 76.70 55.34
Direct Fusion ✓ 82.86 53.76
Conv Fusion ✓ 84.64 54.78
JCA Fusion ✓ 85.13 56.13

DINOv2-Base [67] 86.6M 518/14

Gesture-Only ✗ 79.19 52.14
Direct Fusion ✓ 80.19 53.66
Conv Fusion ✓ 88.10 54.63
JCA Fusion ✓ 89.01 58.48

Human Baselines

Human Groups Exist Acc (%) ↑ IoU (%) ↑

Average of all subjects 87.00 66.40
Maximum of all subjects 90.00 80.00

Table 1: Exploring the influence of CLIP/SigLIP-based visual encoder and DINOv2 in gesture target
estimation with different gaze and gesture feature fusion strategies. In human baselines, we compare
the average human performance and the maximum human performance.

Original Image CLIP-Large SigLIP-Base SigLIP2-Base DINOv2-Base

Figure 4: Compared with CLIP, SigLIP, SigLIP2, DINOv2 in token-wise affinity map visualization.

mask; the average human Target IoU was 66.40, with a maximum of 80.00%. This human study
provides an upper bound on achievable performance.

Comparison of Different Visual Backbones. Table 1 compares the performance of several pre-
trained visual encoders, including CLIP [72], SigLIP [73], SigLIP2 [74], and DINOv2 [67], all
trained on large-scale datasets. Among them, DINOv2 achieves the best performance on our task,
demonstrating strong general-purpose feature extraction capabilities. As shown in the token affinity
visualizations in Figure 4, DINOv2 preserves notably stronger intra-instance token affinity, resulting
in more coherent and spatially structured representations. In contrast, CLIP- and SigLIP-based
models exhibit weaker spatial coherence, indicating limitations in modeling spatial relationships in
complex social scenes involving multiple humans.

5.3 Ablation Study

Impact of Model Scale. To assess how backbone size influences gesture target estimation, we
evaluated visual encoders with progressively larger parameter counts, as shown in Table 2. Increasing
the encoder size leads to modest but consistent improvements in both existence accuracy and mask
IoU. However, this trend plateaus at DINOv2-Large.
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Image Encoder #Params Exist Acc (%) ↑ IoU (%) ↑

SigLIP2-Base 86.0M 85.13 56.13
SigLIP2-Large 303M 88.36 57.27

DINOv2-Small 22.1M 87.52 56.77
DINOv2-Base 86.6M 89.01 58.48
DINOv2-Large 304M 89.85 58.26

Table 2: Ablation of different scale of pretrained Vision
Transformer Encoder.

β Exist Acc (%) ↑ IoU (%) ↑

0.01 84.74 56.24
0.1 86.44 58.62
0.5 89.01 58.48
0.9 87.36 55.28
0.99 85.50 56.49

Table 3: Ablation of β in the loss function
(use DINOv2-Base as image encoder).

Impact of Loss Hyperparameter. In Table 3, we study the impact of hyperparameter β in the
total loss function (Formula 6). We observe that both decreasing and increasing β lets the model
perform poorly in the existence classification and target mask prediction tasks, thus demonstrating
the complementary nature of these two training objectives.

Impact of Freezing Individual Modules. We ablated TransGesture by selectively freezing its
constituent components; the results are summarised in Table 4. Finetuning the DINOv2 visual
backbone yields only a marginal uplift in existence accuracy and no measurable gain in target mask
IoU, yet it inflates the number of trainable parameters by an order of magnitude and lengthens training
time substantially. These findings suggest that DINOv2’s pretrained representations are already
near-optimal for gesture-target estimation, and further finetuning offers a poor cost-benefit trade-off.

Frozen Image Encoder Frozen Gaze Decoder Frozen Gesture Decoder Trainable #Params Exist Acc (%) ↑ IoU (%) ↑

✗ ✗ ✗ 94.21M 91.07 57.22
✓ ✗ ✗ 7.63M 87.48 57.92
✗ ✓ ✗ 91.65M 85.56 57.52
✓ ✓ ✗ 5.07M 89.01 58.48

Table 4: Ablation experiment on frozen modules in the proposed TransGesture framework.

Inference Efficiency. We also measured the inference runtime of the TransGesture model (using a
DINOv2 encoder) to compare the computational cost of its different fusion architectures on 518×518
images. The average runtimes were 0.0108s (Gesture-Only), 0.0111s (Direct Fusion), 0.0131s (Conv
Fusion), and 0.0110s (JCA Fusion). This demonstrates that incorporating JCA fusion adds a negligible
overhead of only 0.0002s compared to the gesture-only baseline. In practice, the computations for the
gaze branch, which primarily involve a few additional cross-attention layers, are lightweight relative
to the overall cost of the Transformer-based visual encoder.

5.4 Visualization

Figure 5 contrasts three variants of our system: the gesture-only baseline, Conv Fusion, and the
proposed gesture-gaze JCA Fusion. For gesture-only baseline, predictions frequently blur across large
image regions or drift to distracting objects, and breakdowns are common when scenes contain more
than three people. For conv fusion, the additional convolutional fusion layer suppresses some noise,
yet masks remain coarse and often bleed beyond true object boundaries—especially in cluttered,
multi-person interactions. For our proposed method that can jointly aligning gaze and gesture cues, it
pinpoints the intended target with compact masks that closely trace the ground-truth silhouettes while
ignoring irrelevant actors, even under occlusion, low light, or dense layouts. Failures arise only in
the most complex scenes that demand high-level spatial reasoning (the last row). These qualitative
results highlight our methods’ clear advantage in precise gesture target estimation.

5.5 Demo

We implement an MLLM workflow that uses TransGesture as a tool to support complex text queries
from users and can integrate with different other social AI models. Details of this agent is showed in
Appendix C.
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Original Image Target Ground-truth No Fusion (Gesture-only) Conv Fusion JCA Fusion

Figure 5: Qualitative examples of gesture target estimation under different fusion strategies. Green
bounding boxes indicate the gesture initiator, and red masks show the predicted target person.

6 Discussion

The practical applications of deictic gesture target estimation are diverse and impactful. In health-
care, this technology can significantly enhance the analysis of non-verbal cues in clinical settings,
particularly for early autism diagnosis. Since individuals with autism spectrum disorder often display
differences in gesture use and interpretation, an accurate model for detecting these deictic cues could
assist clinicians in identifying subtle communication deficits in young children, enabling earlier inter-
ventions [75]. Beyond the clinical domain, this work is crucial for improving human–AI interaction.
Because deictic gestures are fundamental to natural communication, enhancing a machine’s ability to
understand them facilitates smoother, more intuitive collaborations [76]. This is especially valuable
for assistive robotics, where robots must interpret human intent to provide effective support, and for
virtual assistants operating in complex social or professional environments.

As with many activity recognition tasks, our work carries potential privacy implications. Therefore,
while our dataset and models will be publicly released for research purposes, careful ethical consid-
eration is essential—especially when utilizing these resources in contexts involving accusations or
consequential decision-making. A more detailed discussion is provided in the Appendix D.

7 Conclusion

We investigated a novel problem: detecting deictic gestures and associating them with their intended
targets. To address this challenge, we introduced a new Transformer-based architecture featuring joint
cross-attention between gesture and gaze cues. Additionally, we contributed a large-scale annotated
dataset, providing images with labeled bounding boxes for subject persons, corresponding body
locations, and semantic masks of gesture targets. Through extensive experiments, we demonstrated
the effectiveness and importance of our approach across two key tasks: deictic gesture existence
prediction and gesture target estimation.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Yes, and see abstract and Section 1. We claim to design a new task for human
deictic gesture target estimation and propose the first model for this task.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See Section 7 Conclusion.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: This is a task-driven application-based paper, thus we do not have any theoreti-
cal results or proofs.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The code and a subset of GestureTarget dataset is available in the supplementary
material. They will be made publicly available upon acceptance.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will provide access to the data and the code upon acceptance, in accordance
to the NeurIPS code and data submission guidelines. For paper review, we attach our code
and a subset of the GestureTarget in the supplementary material.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: See Section 5.1 Technical Details.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: We run the experiments multiple times, with different train-validation splits,
and take the average.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: See Section 5.1 - Technical Details.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: All authors in the paper reviewed and strictly followed NeurIPS Code of ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Positive impacts are discussed in Section 1 Introduction. Negative impacts
are discussed in Section 7 Conclusion. We will include a more detailed discussion of these
impacts in the supplementary material.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our work poses no such risks, as all data used was publicly available.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We use the cc-by-nc-3.0 license for our work. (Code and Dataset)

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We provide sufficient documentation along with our new assets (dataset, code
and models).

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: We do not have a crowdsourcing component in the data annotation process.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: The dataset has IRB approval. We will include this approval and any necessary
description in our supplementary material.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: We do not use LLMs to help in our methodology. The extent to which we use
them is zero-shot evaluations on our dataset to underscore the impact of our dataset.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Notations

Data and Indices
Hin Height of input image
Win Width of input image
X ∈ R3×Hin×Win Input RGB image
Xsubject ∈ R4 Bounding box of subject’s body
Xleye ∈ R2 Left eye keypoints
Xreye ∈ R2 Right eye keypoints
Xlhand ∈ R2 Left hand keypoints
Xrhand ∈ R2 Right hand keypoints
Xtext Text describing subject’s appearance, location, action
Ytarget ∈ R4 Bounding box target
Ymask ∈ RH×W Target semantic segmentation mask
Ytext Target text describing subject’s appearance, location, action
Yexist Existence label

Embeddings and Positional Encodings
P Patch size of the token
H = Hin/P Height of feature map
W = Win/P Width of feature map
Z ∈ RH×W×dmodel Feature map outputted by visual encoder
Mhead ∈ RH×W Downsampled binary mask for head
Mbody ∈ RH×W Downsampled binary mask for body
PEhead ∈ dgaze Patch encoding for head
PEbody ∈ dgesture Patch encoding for body
Zgaze ∈ RH×W×dgaze Feature map adding gaze positional embeddings to Z
Zhead ∈ RH×W×dhead Feature map adding head positional embeddings to Z

Attention Mechanism and Transformer Components

texist ∈ Rdgesture Learnable gesture existence token
Q, K, V Query, key, value matrices
Fgaze ∈ RHW×dgaze Output of the gaze decoder
Fgesture ∈ RHW×dgest. Output of the gesture decoder
Fjoint ∈ R2HW×dgesture Joint feature used for joint cross attention
JointCrossAttention(·) Joint cross-attention

Loss Functions and Parameters
LBCE Binary crossentropy loss
Lfocal Focal loss
Ltotal Total loss
β Loss weighting parameter

B Additional Experiment

Results on Stage 1 - Pre-training for Gaze Decoder In model training Stage 1, we freeze the
visual encoder to focus solely on pre-training the gaze decoder. Table 6 presents the evaluation
outcomes on the GazeFollow test set, highlighting the effectiveness of our pre-trained gaze decoder.
Our approach demonstrates highly competitive performance, achieving results comparable to state-
of-the-art gaze estimation models. Specifically, we report an AUC of 0.959, Average L2 distance of
0.096, and Minimum L2 distance of 0.045. These metrics place our method closely alongside leading
models such as Sharingan [77] (AUC: 0.938, Avg L2: 0.108, Min L2: 0.054), Gaze-LLE [53] (AUC:
0.958, Avg L2: 0.099, Min L2: 0.041), and ViTGaze [52] (AUC: 0.949, Avg L2: 0.105, Min L2:
0.047). These results validate the strength of our gaze decoder pre-training strategy in effectively
capturing precise gaze targets and maintaining competitive accuracy.
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Image Encoder #Params Learnable #Params AUC ↑ Avg L2 ↓ Min L2 ↓

CLIP-Large 303M 2.93M 0.9550 0.0965 0.0455

SigLIP-Base 86.0M 2.86M 0.9484 0.1119 0.0559

SigLIP2-Base 86.0M 2.86M 0.9529 0.1052 0.0508

DINOv2-Small 22.1M 2.76M 0.9502 0.1146 0.0583
DINOv2-Base 86.6M 2.86M 0.9562 0.1021 0.0484
DINOv2-Large 304M 2.93M 0.9591 0.0957 0.0446

Table 6: Performance on Gazefollow in the gaze decoder pretraining stage.

Head Bounding Box Exist Acc (%) ↑ IoU (%) ↑

✓ 89.76 58.92
✗ 90.04 50.57

Table 7: Comparison in the test set: existence of head bounding box.

Impact of Head Bounding Box (Gaze Guidance) To understand the influence of head bounding
boxes as a form of gaze guidance, we conducted an ablation study using TransGesture with the
DINOv2-Large visual encoder, summarized in Table 7. We divided the test dataset into two subsets
based on the visibility of head bounding boxes. The first subset includes samples where the subject’s
head bounding box is visible, providing explicit gaze cues, while the second subset consists of cases
without a visible head bounding box, typically due to occlusion or the subject’s head being out of the
camera’s field of view.

Our findings reveal a significant performance disparity between these two subsets. Specifically, when
head bounding boxes are present, the IoU scores for gesture target localization improve substantially
compared to cases lacking explicit head gaze cues. This indicates that head bounding boxes (gaze
guidance) serve as critical visual signals, enabling more accurate gesture targets estimation by
effectively aligning gaze intention with the subject’s gestures.

C Application: Integrate TransGesture into LLM Toolbox

To demonstrate the utility of TransGesture in downstream applications, we integrate the models as part
of a larger toolbox for an LLM-based agent supported by GPT-4o. In our experiment, we implement
a social gesture comprehension-focused agent by smolagent [78], with access to TransGesture (for
gesture target estimation), object detection model, head detection model, and a gaze target estimation
model. Figure 6 shows the proposed workflow for the agent.

The ideal query consists of at least one image along with a social gesture comprehension question
posed by the user.

For stability, the tools are designed to be self-contained – that is, they depend on minimally processed
raw inputs and compute any other required inputs such as head or subject bounding box information.

We define the inputs to the tools to be an image from the user’s query, as well as an optional description
of a human subject to be analyzed. This description is parsed from the user’s query and is returned
only if present. Optionally, if a user inputs an image of the target person instead of a text description,
a vision-language model can be used to generate the description automatically.

If a description is included, for the TransGesture tool specifically, we first use YOLOv11 to detect
persons in the image and yield respective bounding boxes. We then pass cropped regions of the
image corresponding to individuals to a large vision-language model, which determines which region
(if any) corresponds to the described target person. This is then used to extract head bounding box
information via RetinaFace. The tool now has all the required inputs for our TransGesture model.
The output of our model is overlaid on the original image, and is returned to the LLM. Figure 7 shows
an example integration of TransGesture as a tool.
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Figure 6: Proposed Agent Workflow.

As shown in Figure 7, TransGesture can be easily integrated as part of an agent’s toolbox. We will
publicly release all APIs of the agent demo.

D Broader Impacts

D.1 Positive Societal Impacts

The ability to estimate human deictic gesture targets has promising benefits for embodied intel-
ligence and human–AI interaction. By empowering AI systems to understand where a person is
pointing/reaching/showing, TransGesture can facilitate more natural, intuitive communication be-
tween humans and embodied AI agents such as robots or AR assistants. This is because deictic
gesture can direct attention to relevant objects and aiding collaboration. Likewise, gaze cues are a
fundamental part of non-verbal communication, and combining both modalities can substantially
improve an AI’s understanding of human intent. In assistive technology contexts, this capability could
enable point-and-look interfaces for people with speech or mobility impairments, allowing them to
refer to objects or locations and receive assistance without complex verbal commands. Overall, our
transformer-based TransGesture model (trained on the GestureTarget dataset) can enhance embodied
AI systems by making them more context-aware and responsive to natural human signals, potentially
improving ease-of-use and inclusivity in everyday human–AI interactions.

D.2 Negative Societal Impacts

However, we recognize that this technology also raises important ethical and societal concerns. First,
any system that relies on continuous visual and gaze monitoring inherently implicates privacy – even
seemingly innocuous gaze data can reveal far more personal information than users intend (including
aspects of identity, health, or interests). Without safeguards, a gesture-target estimator could be
misused for unwarranted surveillance or attention tracking, monitoring where people look and point
without their consent. This calls for careful dataset curation, and inclusive design. We stress the
importance of deploying this technology with user consent, transparency, and context-appropriate
limitations. By proactively addressing privacy (e.g. on-device processing, data anonymization),
bias mitigation, and clear use policies, we aim to ensure that the benefits of our system are realized
responsibly, without compromising individual rights or societal trust.
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Figure 7: Example Agent Query and Response. Green marks content visible to the user. Yellow
marks general internal agent outputs. Orange indicates tool internal outputs.
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