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Figure 1: GazeCoT enables multimodal LLMs (MLLMs) to understand gaze as a social cue, which they are unable to do on their 
own, by leveraging a gaze estimation model and a hybrid visual and text prompting strategy. This unleashes the language model’s 
text-based social intelligence in multimodal scenarios by addressing a critical limitation in multimodal social perception. The 
example image is from the GazeFollow dataset [103]. 
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Abstract 
Social intelligence is vital for effective human-AI interaction. While 
LLMs demonstrate strong text-based social intelligence, the vision 
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modality remains challenging due to the presence of non-verbal 
social cues. For example, gaze is the primary conveyor of social 
attention, yet it cannot be accurately perceived and understood 
by multimodal LLMs (MLLMs). Therefore, we propose GazeCoT, a 
pipeline using gaze estimation models to provide MLLMs with the 
attention of people in images or videos. The gaze information is pro-
vided as visual and text prompts compiled into a structured context 
to support MLLM social reasoning. Benchmark evaluation confirms 
that GazeCoT enhances MLLMs’ social intelligence by improving 
gaze perception. A user study in a challenging application involving 
parent-child interactions demonstrates that GazeCoT improves per-
ceived explainability and trustworthiness by aligning MLLM social 
perception and social reasoning with human norms. We hope that 
GazeCoT, a versatile plug-and-play pipeline, can enable socially 
aware, MLLM-based HCI applications. 

CCS Concepts 
• Human-centered computing → Interaction paradigms; • 
Computing methodologies → Computer vision. 
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Multimodal Large Language Models, Human-AI Interaction, Gaze, 
Artificial Social Intelligence 
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1 Introduction 
Artificial social intelligence (ASI) — the AI’s ability to perceive, 
interpret, and act on social cues — is central to human-AI col-
laboration [4, 37, 57]. It has great implications for human-robot 
interaction (HRI) [42, 83, 94, 108, 156], smart cities and spaces 
[91, 156], AI assistants [68, 104, 137] and accessibility [8], among 
other HCI applications. Large language models (LLMs) opened up 
a new path to building generalizable ASI. LLMs learn vast world 
knowledge, including knowledge on human social intelligence, 
through self-supervised pre-training. As a result, LLMs aided by 
chain-of-thought (CoT) reasoning [21, 89] have achieved consider-
able progress in ASI, demonstrating near human-level performance 
on some text QA benchmarks like SocialIQA [89, 107]. However, 
ASI goes beyond the text modality. Social intelligence is inher-
ently multimodal, involving the perception of numerous 
non-verbal social cues. Among these, human gaze is one of 
the most important [12, 34, 37, 40, 65]. It is the primary con-
veyor of social attention [6, 92, 105, 140], and provides vital clues 
about a person’s intent [96, 120], both of which are crucial for 
HCI applications [50, 84, 129]. But despite rapid progress in mul-
timodal LLMs (MLLMs), these models are still largely unable to 
understand gaze cues [161]. This weakness can be attributed to 
MLLMs’ failure to (1) understand fine-grained visual features of a 
person’s head and eyes, and (2) perform spatial reasoning to find 
the fixation point, both of which are well documented shortfalls of 

MLLMs [147, 151, 161]. Without accurate gaze perception, which 
in our case means accurately representing human gaze as MLLM 
tokens, the models’ potential in text-based social reasoning would 
be wasted in multimodal scenarios. 

Given the importance of gaze in conveying human attention and 
intent, there has been work to integrate first-person, egocentric 
gaze information into MLLMs to improve interactive AI assistants 
in smart glasses and VR/AR headsets by using a wearable gaze 
tracker to provide the LLM- or MLLM-based agent with the user’s 
gaze information [9, 15, 67, 68, 104, 126, 137, 144]. However, inte-
grating the gaze of persons other than the viewer into MLLM 
reasoning, useful for applications operating in third-person 
views like human-robot interaction (HRI), smart spaces and 
joint attention analysis, remains unexplored. A key reason be-
hind this gap is that, unlike in first-person applications, it is nearly 
impossible to obtain ground truth gaze data in third-person views in 
the wild. Despite this severe limitation, recent breakthroughs [106] 
in third-person gaze target estimation using large-scale pre-trained 
vision encoders [93, 118] enable a workaround: instead of relying 
on gaze trackers, we can use gaze estimation models to provide 
MLLMs with gaze information in third-person views. 

To this end, we propose GazeCoT (Gaze-Informed Chain-of-
Thought), a plug-and-play pipeline integrating third-person gaze 
into the CoT reasoning context of MLLMs through a pre-trained 
gaze estimation model and hybrid visual and text prompting. Specifi-
cally, we develop a state-of-the-art gaze estimation model, GazeLLE-
v3, that combines the latest advances in gaze estimation [106] and 
the DINOv3 [118] general-purpose vision backbone. We then com-
bine two tried-and-tested prompting strategies to provide GazeLLE-
v3’s gaze estimation to MLLMs: (1) direct visual prompting [14, 113, 
116, 141] by overlaying the image with a face bounding box, a gaze 
line and a fixation point, and (2) text prompting about the details on 
and around the fixation point. The visual prompt conveys GazeLLE-
v3’s estimations in an inherently grounded manner (i.e. pixel-level 
integration with the image) [70, 141] with minimal loss of infor-
mation [157], while the text prompt fills in details and reduces 
hallucination [158]. Therefore, the two strategies complement each 
other [62]. Finally, we integrate these strategies into an efficient 
MLLM pipeline to create GazeCoT, focusing on reducing inference 
delay and hallucination. In summary, GazeCoT enables MLLMs to 
leverage GazeLLE-v3’s gaze estimations, significantly improving 
MLLMs’ ability to perceive gaze and use it for social reasoning. 
The plug-and-play nature of GazeCoT enables HCI researchers and 
practitioners to easily endow their systems with gaze-based social 
awareness. 

We conduct extensive experiments on benchmarks and with 
users to evaluate the performance of GazeCoT and its impact on 
human-AI interaction. GazeCoT achieves a 25-percentage-point 
(pp) improvement in gaze target recognition accuracy over the 
baseline. To further evaluate GazeCoT’s social intelligence in com-
plex situations, we curate the Gaze-grounded Social Intelligence 
(GSI) benchmark that tests social perception, theory-of-mind (ToM) 
reasoning, and social interaction. GazeCoT achieves a 10pp gain 
on GSI, indicating improvements in complex social intelligence. Fi-
nally, we conduct user studies in a downstream application scenario, 
parent-child joint media engagement analysis. The results show 

https://doi.org/10.1145/3772318.3790922
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that GazeCoT improves output quality, explainability and trust-
worthiness, through its accurate gaze-informed comprehension 
of social scenes. The improved explainability and trustworthiness 
can be attributed to the role of gaze as a common ground between 
humans and MLLMs in social perception and social reasoning. We 
hope GazeCoT and our findings can help advance socially intelli-
gent human-AI interaction. In summary, we make the following 
contributions: 
• We propose GazeCoT, a versatile plug-and-play pipeline lever-
aging gaze estimation models to improve the social intelligence 
of MLLMs and facilitate smooth and productive human-AI in-
teraction. We expand the Gaze+MLLM paradigm into third-
person scenarios using gaze estimation models. 

• We demonstrate the effectiveness of GazeCoT through evaluation 
on 2 benchmarks. A user study on a challenging downstream 
task, parent-child joint media engagement (JME) analysis, fur-
ther proves that GazeCoT improves social perception and social 
reasoning in MLLMs. 

• Our user study also shows that GazeCoT makes MLLMs more 
explainable and trustworthy by aligning MLLMs to human norms 
for social perception and social reasoning. This opens up new 
possibilities for better human-AI interaction. 

• We publicly release our code, the GSI benchmark, and the model 
weights of the state-of-the-art GazeLLE-v3 gaze estimator, en-
abling easy off-the-shelf use of GazeCoT in downstream HCI 
applications. They are available in this GitHub repo. 

2 Related Work 

2.1 Artificial Social Intelligence and Social Cue 
Understanding 

Artificial social intelligence (ASI) refers to AI’s ability in social 
perception, theory-of-mind (ToM) reasoning, and natural social 
interaction [37]. It requires AI to interpret complex social interac-
tions from various behavioral signals [37]. This, in turn, requires 
a precise understanding of the rich spectrum of non-verbal social 
cues that humans exhibit, such as gaze [12, 34, 40, 65], gesture [87], 
posture [139], and joint attention [26]. Traditional ASI research has 
made progress in perceiving and modeling specific human mental 
states like belief, intention, and joint attention [26, 35, 36, 115]. 
More recently, LLMs with powerful text-based reasoning and com-
monsense knowledge have also shown success in navigating social 
situations described in text [3, 25, 107, 135]. However, LLMs’ suc-
cess in text-centric tasks does not readily translate to the vision 
domain, as current multimodal LLMs (MLLMs) largely fail in fine-
grained visual perception [45, 160], including that of non-verbal 
social cues like gaze [161]. 

This limitation is particularly significant for advancing ASI within 
HCI. Current research on social cue-aware interactive systems has 
diverged into two main streams. The first approach focuses on 
building interactive applications by converting social cues — such 
as gaze [68, 104], joint attention [20, 63], and gestures [52, 56] — 
into text for processing by LLMs [95]. However, this social cues-
to-text pipeline inherently causes information loss, restricting the 
model’s contextual awareness. A second, nascent stream explores 
the direct integration of social cues with multimodal LLMs (MLLMs) 
to overcome the limitation with text [137, 144]. While progress has 

been made in areas like gestures and joint attention [115, 154], the 
integration of third-person gaze (i.e. the gaze of individuals other 
than the viewer) remains unexplored. GazeCoT addresses this gap 
with a novel method that uses hybrid visual and text prompting to 
enable MLLMs to understand gaze, thereby boosting its utility for 
building socially intelligent interactive applications. 

2.2 Multimodal Large Language Models and 
Their Limitations 

Multimodal large language models (MLLMs) are a class of large 
language models (LLMs) modified to take non-text input [149]. For 
the vision modality, this means adding a vision encoder extracting 
features from images, and a vision adapter projecting the features 
into tokens understandable by the LLM [13, 31, 74, 77, 149, 166]. 
However, this setup has its limitations. Many MLLMs preprocess the 
image through tiling, where the image is broken down into smaller 
square tiles (e.g. 384×384 pixels) on arbitrary lines [24, 46, 72]. Each 
tile is then encoded separately. This approach not only degrades 
the semantics of objects broken up by tile boundaries [54, 147], 
but also assumes that all tiles are equally important and should 
be represented by the same number of tokens [24, 46]. Moreover, 
the models are trained on large-scale coarse-grained caption data 
crawled from the Internet [13]. The scarcity of detail-rich captions 
[55], as well as captions grounded in specific regions of images 
[45, 165], leads to models that are poor at capturing fine-grained 
details [45, 160]. Finally, MLLMs are still trained in a text-centric 
paradigm and generally have poor spatial reasoning capabilities 
[145, 147]. These factors exacerbate hallucination [78, 147, 158], a 
major hurdle for MLLM-powered HCI applications, especially high-
stakes ones (e.g. medicine) [17, 60], and ones where it is unrealistic 
for users to consistently identify and correct hallucinations (e.g. 
accessibility for blind and low-vision users, real-time interaction, 
etc.) [18, 44, 123]. 

Likewise, all three factors, tiling-induced semantic degradation, 
coarse-grained training data, and lack of spatial awareness, are 
also relevant to MLLMs’ failure to understand gaze [161]. Gaze 
often spreads across several tiles, while gaze estimation requires 
fine-grained image understanding and spatial reasoning [22, 27, 
103, 106]. GazeCoT aims to mitigate these weaknesses by injecting 
gaze estimations into MLLM contexts, enabling MLLMs to perceive 
and reason in a more human-like, socially intelligent manner. In 
addition to text prompts, we also use visual prompts (i.e. marking 
the image with bounding boxes [14, 113], circles [116], arrows [14], 
scribble [141], etc.) to convey gaze information. 

2.3 Gaze Target Estimation 
Gaze estimation models are key to enabling MLLMs to overcome 
the aforementioned weaknesses in understanding human gaze. For-
mally, gaze target estimation is a computer vision (CV) task that 
involves dense prediction [106]. The input is an image and the bound-
ing box of a person’s head, while the output is a 2D heatmap rep-
resenting the likelihood of each image patch (e.g. 8 × 8 pixels) 
containing the gaze target. Gaze target estimation requires both 
global scene information and head features. As a result, many mod-
els use a dual branch architecture with separate scene and head 
encoders [22, 27, 103]. Others use additional branches for depth 

https://github.com/Cambrian-yzt/GazeCoT
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estimation [5, 38], body pose [47], and eye location [38] to capture 
more features. The state-of-the-art model for this task, GazeLLE 
[106], represents a return to simplicity. It takes a single RGB im-
age as input and delegates all feature extraction to a pre-trained, 
general-purpose vision backbone (DINOv2 [93]), which generates 
scene tokens. It then decodes these tokens with a lightweight ViT-
based gaze decoder. A head position prompt is used to guide the 
decoding process. The idea is that a general-purpose backbone like 
DINOv2 can extract all types of features (e.g. scene, depth, head, 
eye, pose, etc.) all on its own. 

The single branch (RGB image input only) architecture of GazeLLE 
made it easier than previous multi-branch models to be integrated 
into GazeCoT. However, despite impressive performance metrics, 
GazeLLE has high failure rates when the task relies less on scene 
features and more on head features (see Figure 3 for cases). We 
hypothesize that the cause is the limited quality of dense features 
provided by DINOv2 [118]. Therefore, we train GazeLLE-v3, an 
improved model based on the DINOv3 backbone [118], as the foun-
dation of GazeCoT. 

2.4 Gaze-informed MLLMs for HCI 
Gaze is a natural expression of a person’s attention and intent. 
Therefore, first-person gaze has been thoroughly investigated as 
a way to facilitate natural target selection [59, 117], object manip-
ulation [79, 82], and other types of input [51, 101] in AR/VR. For 
multi-user settings, cone-of-vision has been used to model joint 
attention and improve mutual awareness in VR-based collaboration 
[10, 11]. The emergence of LLMs and MLLMs led to similar work 
on human-AI interaction in XR devices and smart glasses, creat-
ing a flourishing field of Gaze+MLLM research. One such line of 
work focuses on improving information querying with gaze. 
For example, Voila-A [144], G-Voila [137], WalkieTalkie [68] and 
GazePointAR [67] explores using gaze as an indicator of user atten-
tion, reducing ambiguity in queries. Another line of work, including 
GazeLLM [104] and EmBARDiment [9], uses gaze to shape MLLM 
context to match the user’s context. Here, gaze-informed vi-
sual and text prompts are used to improve AI productivity agents 
running on smart glasses and AR headsets. In addition, GazeNoter 
[126] and Sensible Agent [66] leverage gaze as a means of natural 
input to AI agents in AR/VR devices, while Augmented Object 
Intelligence [29] envisions MLLM-powered interaction with phys-
ical objects in AR, which can be enhanced by incorporating gaze 
information. Finally, AiGet [15] and SocialEyes [110] use egocen-
tric gaze collected from AR headsets for user modeling, inferring 
mental states and social dynamics from gaze measurements. 

Despite promising results in first-person views, the integration of 
third-person gaze information (i.e. the gaze of individuals other than 
the viewer) into MLLMs remains underexplored. Understanding 
gaze in third-person views is crucial for HCI applications that in-
clude, among others, human-robot interaction (HRI) [42, 83, 94, 108], 
smart cities and spaces [91], and joint attention analysis and media-
tion [131]. Gaze-informed MLLMs have the potential to revolution-
ize all these applications [32, 42, 85, 119, 153]. The challenge here 
is the lack of gaze tracking devices in third-person views, making it 
nearly impossible to collect ground truth third-person gaze data in 
the wild. However, recent advances in gaze estimation, discussed 

in Section 2.3, provide a workaround: gaze estimation models can 
be integrated into MLLM reasoning to mitigate the weaknesses 
discussed in Section 2.2. This enables us to expand the Gaze+MLLM 
paradigm in AR/VR research to third-person scenarios, improving 
MLLM social intelligence in more diverse use cases. To the best of 
our knowledge, GazeCoT is among the first works to systematically 
explore third-person gaze-informed MLLMs, offering a versatile 
plug-and-play solution. 

3 GazeCoT 

3.1 Overview 
Our pipeline, GazeCoT, is designed to improve the social intelli-
gence of MLLMs by injecting gaze information, an important cue in 
human behavior and social interactions, into the chain-of-thought 
(CoT) reasoning context. We derive three design goals from the dis-
cussions on the nature of MLLMs (Section 2.2) and gaze prompting 
(Section 2.4): 

• G1: Injecting accurate and grounded gaze information into MLLM 
context with minimal loss of information. 

• G2: Minimizing MLLM hallucination. 
• G3: Improving efficiency, both in terms of token cost and infer-
ence delay. 

An overview of GazeCoT is provided in Figure 2. The two types 
of gaze tools provide gaze prompts to the Task Agent, which uses 
them to complete the task, delivering gaze-informed and socially 
intelligent results. Our pipeline relies on hybrid visual and text 
prompting to achieve optimal results. We both directly overlay the 
gaze line and fixation point on the image as visual prompts (G1), 
and use MLLM to generate detailed text description of the region 
of interest (ROI) around the fixation point (G1, G2). We design 
a highly structured format for the Task Agent’s CoT reasoning 
context to reduce hallucination related to long contexts (G2). The 
pipeline is parallelized to reduce latency (G3). 

Our work can be divided into three main parts: improving gaze 
target estimation, designing appropriate gaze tools for hybrid vi-
sual and text prompting, and implementing an efficient MLLM 
agent pipeline in the form of GazeCoT. For gaze estimation, we 
improve upon the GazeLLE [106] model by switching to a more 
powerful pre-trained backbone, DINOv3 [118] (see Section 3.2 for 
details). We discuss the gaze tools used in hybrid gaze prompting in 
Section 3.3. Finally, the full GazeCoT pipeline and relevant design 
considerations are described in Section 3.4. 

3.2 GazeLLE-v3: State-of-the-art Gaze Estimator 
for GazeCoT 

GazeCoT relies on gaze estimation algorithms to circumvent the 
lack of ground truth provided by gaze trackers in third-person 
use cases. As discussed in Section 2.3, the original GazeLLE model 
[106], which uses DINOv2 as the feature extractor, fails in cases 
where head and eye orientation are the most important clues. We 
present some of the failure modes in Figure 3. We hypothesize 
that the reason for these failures is DINOv2’s inability to extract 
fine-grained head and eye features. Therefore, we switch to 
DINOv3 [118], a stronger backbone trained on large-scale (1689M) 
image data, to improve the accuracy of gaze target estimation (G1). 
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Figure 2: An overview of the GazeCoT pipeline in a social perception task. GazeLLE-v3 generates the gaze estimation of each 
person in the form of gaze heatmap. The visual prompting tool uses the heatmap to generate an image with visual prompts 
(facial bounding box, gaze line and fixation point). The region-of-interest (ROI) description tool generates a text description of 
the area with the highest heatmap value. We compile the visual and text prompts into a structured reasoning context to reduce 
hallucination. Finally, the Task Agent performs CoT reasoning to generate a gaze-informed output. This example is from the 
GazeFollow dataset [103]. 

Another advantage of DINOv3 is the use of Gram anchoring in 
its training process, which significantly improves the quality of 
dense feature maps used in gaze target estimation. A visualized 
comparison of DINOv2 and DINOv3 features is in Section 7.2. 

Specifically, we train two variants of GazeLLE-v3, GazeLLE-v3-L 
and GazeLLE-v3-H, on the GazeFollow dataset [103]. The two mod-
els are based on the DINOv3-ViT-L and DINOv3-ViT-H+ backbones, 
respectively. We increased the input image size from 448 × 448 to 
512 × 512 to fit the larger 16 × 16 patch size of DINOv3 (DINOv2 
has 14 × 14 patches). To take advantage of DINOv3’s higher quality 
features, we train our models for longer. Apart from the backbone, 
input image size and training time, the rest of the training proce-
dure (e.g. output heatmap size, hyperparameters, training data, etc.) 
is identical to those used by Ryan et al. [106]. More details on model 
training are available in Appendix A. 

Table 1 shows that GazeLLE-v3-L and GazeLLE-v3-H outperform 
the original GazeLLE models on all three commonly used metrics for 
gaze estimation. AUC (area under the curve) measures the similarity 
between the heatmap and the distribution of ground truth human 
annotations. Average L2 measures the average Euclidean distance 
between the predicted gaze target and all ground truth annotations. 
Minimum L2 measures the distance to the nearest ground truth 
annotation. The L2 metrics are more important for our use 
case. More discussion on the metrics is in Section 7.2. This result 
validates our choice of DINOv3 as the backbone. As shown in 

Model Backbone 
GazeFollow 

AUC↑ Avg. L2↓ Min L2↓ 
Human [106] N/A 0.924 0.096 0.040 
GazeLLE-B [106] DINOv2-ViT-B 0.956 0.104 0.045 
GazeLLE-L [106] DINOv2-ViT-L 0.958 0.099 0.041 
GazeLLE-v3-L DINOv3-ViT-L 0.959 0.097 0.040 
GazeLLE-v3-H DINOv3-ViT-H+ 0.960 0.093 0.038 

Table 1: Results on the official test split of GazeFollow. 

Figure 3, GazeLLE-v3-H is capable of handling cases that require 
fine-grained understanding of head and eye features. 

3.3 Hybrid Visual and Text Prompting with 
Gaze Tools 

While GazeLLE-v3 models are great at predicting gaze target heatmaps, 
there remains a gap between that and improvements in MLLMs’ 
social intelligence. The key here is to inject the gaze information 
into the MLLM’s context in a manner conducive to socially 
intelligent CoT reasoning. This requires us to (1) convert the 
heatmap into visual and text prompts that can be understood by 

1Used under Pexels’ license (https://www.pexels.com/photo/women-talking-to-each-
other-3894383/) 

https://www.pexels.com/photo/women-talking-to-each
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Figure 3: Images where the original GazeLLE-L model [106] performs poorly. A bounding box indicates the person whose gaze 
is being estimated, and a green dot indicates the predicted fixation point (the point with the largest heatmap value). A common 
theme of these failures is GazeLLE-L disregarding head and eye orientation in its estimations. In contrast, our GazeLLE-v3-H 
model is able to make correct (the two images on the left) or almost correct (rightmost image) gaze estimations. Image source 
(left to right): Zhang et al.’s benchmark [161], Pexels1 , the GazeFollow dataset [103]. 

MLLMs, and (2) reduce hallucination, especially in the vision modal-
ity. Figure 4 provides an overview of the tools. 

Visual Prompting With Gaze Lines. The first gaze tool is 
straightforward, converting the heatmap into an MLLM-friendly 
visual prompt (G1). As discussed in Section 2.2, effective visual 
prompting practices often leverage bounding boxes [113], circles 
[116], lines [14] and arrows [14]. Therefore, we use the same geo-
metric shapes to illustrate the gaze information for MLLMs (G1). 
First, we draw a bounding box around the head of the person whose 
gaze is being visualized. This helps the model to ground the gaze 
to a specific person. We then draw a straight line from the center 
of the head bounding box to the fixation point, which is defined 
as the point with the highest heatmap value. Finally, we add a 
dot at the fixation point to further emphasize its importance. This 
type of direct visual prompting is inherently grounded [70, 141] 
(i.e. pixel-level integration with the image) and therefore leads 
to minimal information loss in that regard [157] (G1). We adopt 
a one-prompted-image-per-person strategy here to avoid having 
too many visual prompts in a single image, where the gaze lines 
and fixation points overlap with each other, cluttering the scene 
and making it difficult for the MLLM to make sense of the gaze 
information (G1, G2). 

Text Prompting With ROI Descriptions. One problem with 
the first tool is that it compresses the entire region-of-interest 
(ROI) into a single fixation point, which may lead to loss of in-
formation. We mitigate this limitation with another tool, the ROI 
description tool. It is designed to reduce hallucination (G2) and 

improve MLLM’s capability to understand fine-grained details 
(G1) around the fixation point. This is achieved through generating 
a detailed text description of a zoomed-in view of the ROI surround-
ing the fixation point. This approach combines zoom, an effective 
strategy to improve MLLM performance most prominently used in 
OpenAI’s ChatGPT o3, and gaze information. We first extract the 
ROI using the heatmap (see Appendix C for details on the heatmap-
to-ROI conversion). We then crop out the ROI and use a small circle 
to illustrate the location of the predicted fixation point. The crop 
is then sent to an MLLM, which is prompted to describe the gaze 
target and surrounding objects and persons in detail. Since the task 
of describing the ROI is relatively simple, we can use a smaller and 
more efficient MLLM (e.g. GPT-4.1 Mini, Qwen2.5 VL 7B, etc.) for 
this step (G3). Crucially, we keep only the text description and dis-
card the zoomed-in crop of the ROI because having too many ROI 
crops in scenes with multiple individuals would lead to increased 
hallucination for the Task Agent (G2) [75, 114, 143, 158]. 

By combining visual prompts and text prompts, we obtain a hy-
brid prompting strategy that accurately portrays the global spatial 
semantics of the gaze information, as well as the details surround-
ing the fixation point. This fills the gap between an accurate gaze 
estimation and concrete improvements in MLLMs’ ability to under-
stand human gaze, enabling the model to use that information to 
act in a socially intelligent manner. 
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Identify fixation point (the point with max  
heatmap value).    

Draw facial bounding box for grounding.
    

Draw gaze line to emphasize spatial and  
geometric relations.   

Draw a dot at the fixation point. 

A small red circle 
indicates the fixation 
point in the ROl crop. 

Smaller, more efficient 
MLLMs like GPT 4.1 Mini and 
Qwen 7B can be used here. 

The ROl is centered 
around the mouth of the 
piping bag near the 
surface of a cake. The 
action is adding icing to 
the cake. 

1. 

2. 

3. 

4. 

ROl Description 

Visually Prompted Image 

Gaze Estimation 
Heatmap 

Crop ROI 

Efficient 
MLLM 

Visual Prompting Tool 

ROl Description Tool 

Figure 4: Overview of the two gaze tools used to convert heatmaps into MLLM-readable visual and text prompts. The visual 
prompting tool preserves most of the spatial information of the gaze estimation by GazeLLE-v3 and converts it into intuitive, 
MLLM- (and human-) friendly visual prompts. However, this tool collapses the entire region-of-interest (ROI), the red area 
in the visualization, into a single fixation point. Therefore, we generate a detailed text description of the ROI with the ROI 
description tool to cover the span of the entire high-probability area to complement the visual prompt. 

3.4 GazeCoT: An Efficient Pipeline for Gaze 
Prompting 

Introducing gaze information would inevitably increase delay and 
computational cost. Since face recognition and GazeLLE-v3 take 
only fractions of a second per inference, our focus in pipeline design 
is on the MLLM side, where each inference or API call takes at least 
several seconds. The objective for GazeCoT here is to (1) parallelize 
MLLM inference to reduce delay (G3), and (2) properly structure 
the Task Agent’s CoT reasoning context to reduce hallucination 
(G2). We leverage the fact that describing different ROIs is a set of 
mutually independent tasks, parallelizing the ROI description tool 
through either parallel API calls or local batch inference. For Task 
Agent context management, we use a highly structured format with 
clear labels for the original images, the visually-prompted images, 
and text descriptions of ROIs. This format, illustrated in Figure 2, 
reduces hallucination caused by long, unstructured context, and 
improves the overall performance of GazeCoT. 

Combining these elements leads to the GazeCoT pipeline illus-
trated in Figure 2. First, we detect the faces present in the image. 
We then obtain the gaze estimations of each individual through 
GazeLLE-v3. After that, we use the visual and text prompting tools 
described in Section 3.3 to generate hybrid visual and text gaze 
prompts for the Task Agent, and structure these prompts in a clearly 
labeled manner to reduce hallucination. Finally, the Task Agent 
conducts CoT reasoning and generates a gaze-informed output, 
completing the task. 

4 Research Questions 
We conducted extensive experiments with GazeCoT, both on bench-
marks and with users, to answer the following research questions 
(RQs): 

• RQ1: Can mainstream MLLMs understand gaze prompts and use 
them to infer gaze targets in images? 

• RQ2: Does GazeCoT improve the social intelligence of MLLMs? 
• RQ3: How does each component of GazeCoT contribute to overall 
performance? 

• RQ4: Does GazeCoT affect other key aspects of human-AI inter-
action (explainability, trustworthiness, etc.)? If so, what is the 
underlying mechanism? 
We answer RQ1 with experiments on a controlled gaze target 

recognition benchmark for MLLMs in Section 5.1. We address RQ2 
in Section 5.2 with our novel Gaze-grounded Social Intelligence 
(GSI) benchmark, which evaluates social intelligence in complex 
scenarios. To address RQ3, we perform ablation studies on GazeLLE-
v3, the ROI description tool, and the structured prompt of the Task 
Agent on the 2 benchmarks to validate GazeCoT’s design (Section 
5.3). Finally, we conduct user experiments in a real-world applica-
tion scenario, namely parent-child joint media engagement (JME) 
analysis, to provide insight on RQ2 and RQ4 (Section 6). 

5 Benchmark Experiments 
5.1 Gaze Target Recognition 
To address RQ1, we evaluate GazeCoT and a CoT prompting base-
line on the Gaze Referential Inference benchmark proposed by 
Zhang et al. [161]. This visual question answering (VQA) bench-
mark is specifically designed to test MLLMs’ ability to infer gaze 
target. It includes 907 image-question pairs, all of which are col-
lected in a simple, controlled setting. The questions are solely about 
which object the person in the image is looking at. This allows 
us to single out the gaze estimation capability of GazeCoT and 
the baseline, and see if MLLMs can leverage gaze prompts based 
on GazeLLE-v3, providing a direct answer to RQ1. We provide a 
sample question from this benchmark in Figure 5. 



CHI ’26, April 13–17, 2026, Barcelona, Spain Zhoutong Ye, Xutong Wang, Chengwen Zhang, Ruiwen Zhang, Mingze Sun, Qinwei Li, Chun Yu, and Yuanchun Shi 

Question: Which object is the person looking at? 

Soccer Ball 
Remote Control 
Coffee 
Plushie 

... their body is oriented directly 
toward the cup of coffee, which is 
placed in the center of the table in 
front of them .. 

.. the gaze fixation point is located 
on the white, fluffy plush toy . 

CoT 

CoT 

Answer:   Coffee 

Answer:   Plushie 

Baseline(GPT 4.1 + CoT) 

GazeCoT(GPT 4.1) 

Ground Truth:        Plushie 

Figure 5: A sample question from the gaze target recogni-
tion benchmark proposed by Zhang et al. [161]. This sample 
demonstrates a common failure mode identified by Zhang et 
al., namely that MLLMs rely almost exclusively on face and 
body orientation, and largely disregard eye direction. 

Evaluation Procedure. For this benchmark, we adopt the stan-
dard procedure for MLLM VQA. All questions are evaluated with 
zero-shot CoT prompting, with the GazeCoT prompt providing an 
additional explanation of the visual prompts. We set the temper-
ature (𝜏 ) to 0 except for GPT-5, which only accepted 𝜏 = 1.0. To 
account for the observed bias of MLLMs in multiple choice ques-
tions (e.g. a tendency to choose the second option regardless of 
content [71]), we evaluate each question 3 times, randomly shuf-
fling the choices each time. We take the standard LLM-as-a-judge 
approach [43, 53, 81, 151] for grading the VQA output, where a 
LLM is prompted to compare the output and the ground truth and 
provide a judgment of either right or wrong. Since grading the an-
swer of multiple choice questions is very straightforward, with the 
only variability being the character set used in the output, we use 
GPT-4.1 Nano as an efficient judge. We manually inspected 100 eval-
uations by the GPT-4.1 Nano judge and found no errors as expected. 
To demonstrate the generalizability of GazeCoT, we run the pipeline 
with multiple MLLMs, including both open source (Qwen2.5 VL) 
and proprietary (GPT-4.1, GPT-5) models. The detailed setup for 
these pipelines is presented in Figure 6. 

GazeCoT Version Gaze Estimation Model Task Agent Model Zoom Description Model 

Open Source Models 

GazeLLE-v3-H Qwen 2.5 VL 72B Qwen 2.5 VL 7BQwen 2.5 VL 

GazeLLE-v3-H GPT 4.1 Mini GPT 4.1 MiniGPT 4.1 Mini 

GazeLLE-v3-H GPT 4.1 GPT 4.1 MiniGPT 4.1 

GazeLLE-v3-H GPT 5 (Reasoning Effort: Medium) GPT 5 Mini (Reasoning Effort: Low)GPT 5 

Proprietary Models 

Figure 6: The different versions of GazeCoT evaluated in 
benchmark experiments, implemented with different MLLM 
families. The Task Agent uses more powerful MLLMs, while 
the zoom description models are smaller and more efficient. 
We use the low and medium reasoning effort settings for GPT-
5 to reduce cost and latency, as setting reasoning effort to 
high causes GPT-5 to reason for several minutes and generate 
thousands of reasoning tokens. 

Results and Analysis. We present the results of the gaze target 
benchmark experiment in Figure 7. Baseline MLLMs performed 
barely above chance, which is consistent with the original find-
ings of Zhang et al. [161]. This suggests that existing MLLMs are 

Figure 7: Results on the gaze target recognition benchmark. 
Standalone MLLMs (baseline) performed only marginally bet-
ter than random guessing. GazeCoT significantly enhanced 
performance for all 4 MLLMs, improving accuracy by around 
25 percentage points. Despite this leap in accuracy, GazeCoT 
still performed below human level due to the limits of the 
GazeLLE-v3-H gaze estimation model. Human performance 
is cited from [161]. More discussion on improving gaze esti-
mation can be found in Section 7.2. 

largely unable to infer gaze targets and, by extension, understand 
gaze as a social cue. This underscores the necessity of explicitly 
injecting gaze information into MLLMs’ reasoning context. In con-
trast, GazeCoT consistently improved the performance of all MLLM 
families evaluated, achieving nearly 70% accuracy in all four se-
tups, demonstrating the effectiveness and generalizability of our 
approach. However, it should be noted that, while gaze prompts 
are capable of significantly improving MLLMs’ ability to infer gaze 
targets, there remains a large human-MLLM gap in this specific 
benchmark, suggesting room for improvement. The bottleneck here 
is GazeLLE-v3 (see Appendix B for bad cases), and we expect that 
progress in both general-purpose vision backbones and gaze esti-
mation algorithms will narrow the gap. In conclusion, mainstream 
MLLMs can leverage gaze predictions to improve gaze perception. 
This addressesd RQ1 and lays a solid foundation for improvements 
in higher-level social intelligence. 

5.2 Gaze-grounded Social Intelligence 
The results in Section 5.1 show that GazeCoT substantially improves 
MLLMs’ ability to infer gaze targets. In this experiment, our objec-
tive is to explore RQ2. That is, whether this improvement translates 
to improved social intelligence, especially in more abstract and high-
level aspects like ToM and social interaction. Therefore, we curate 
the Gaze-grounded Social Intelligence (GSI) benchmark to evaluate 
MLLMs’ social intelligence in complex scenarios. 

Benchmark Curation Process. In GSI, we use images from 
three gaze target estimation datasets, GazeFollow [103], GOO-Real 
[125] and ChildPlay [122], and craft social-intelligence-related ques-
tions based on the ground truth gaze annotations. To complement 
the images from gaze datasets, we also include images with ground 
truth captions from the Internet, further diversifying the scenarios 
in GSI. In total, GSI contains 320 social intelligence questions from 
diverse scenarios, testing the MLLMs’ performance in social percep-
tion, theory-of-mind (ToM) reasoning, and social interaction. 20.9% 
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They are competing to see who can decorate the cake faster.
 
They are working on different stuff at the moment.
 
The adult is scolding the child while the child avoids eye contact.
 
The adult is supervising and assisting the child as the child decorates the cake 

Hansel is on sale at the store next door. They are much cheaper over there. 
Pringles is Tom's favorite snack. Perhaps you can buy some for him. 
Butterlicious is ultra-processed and too oily for your diet. 
Last time you complained about Piknik tasting artificial. Do you want to try it again? 

Talking to the boy on the right. 
Grabbing the toy cucumber on the table. 
Grabbing the tomato on the table. 
Grabbing the Coffee Mate bottle. 

Relevant ASl Ability: Social Perception 
lmage Source: GazeFollow 

Image Source: GOO-Real 

Image Source: ChildPlay 

Relevant ASl Abilities: Social Perception, ToM Reasoning, Social Interaction 

Relevant ASl Abilities: Social Perception, Theory-of-mind (ToM) Reasoning 

Question: Which of the following options best describes the likely interaction between 
the two people? 

Question: Which of the following advice, if given by an Al assistant, is most helpful 
tothis person at the moment? Hint: Pringles is in red cylinders; Hansel is in large 
yellowand brown boxes; Piknik is in orange cylinders; Butterlicious is in orange boxes. 

Question: What is the girl in the pink long-sleeved shirt about to do at 
this moment? 

Ground Truth:       They are working on different stuff at the moment. 

Ground Truth:       Hansel is on sale at the store next door, They are much cheaper over there. 

Ground Truth:       Grabbing the tomato on the table. 

Figure 8: Three sample questions from GSI, representing 
three different levels of social intelligence. The first ques-
tion is solely about social perception. The second question 
requires the model to predict human action, touching on 
ToM reasoning. The third question requires the model to 
interact with the person and provide appropriate in-context 
shopping advice, a form of social interaction. 

of GSI questions use GazeFollow images, 30.9% are from GOO-Real, 
7.2% are from ChildPlay, and the remaining 40.9% are based on 
images we collected online. All questions were quality checked by 
at least two other researchers to ensure that they are related to 
social intelligence, have unambiguous answers, and are reasonably 
straightforward to humans (i.e. solvable with common sense). For 
images collected online, we strictly adhered to copyright laws and 
licensing. Three sample questions representing different levels of 
social intelligence are provided in Figure 8. 

Evaluation Procedure, Results and Analysis. In this experi-
ment, we follow the same evaluation protocol described in Section 
5.1 and evaluate the same MLLM families. We report the results 
in Figure 9. GazeCoT performed significantly better than baseline 
MLLMs with CoT reasoning on GSI, demonstrating that improved 
capability to understand human gaze translates to improved so-
cial perception, ToM reasoning, and the ability to engage in social 
interaction among MLLMs. Improvement is observed on all 4 ver-
sions of GazeCoT, each based on different MLLMs, showcasing the 
generalizability of our approach. The results also show that, even 
in complex scenes with social cues other than gaze, the latest and 
most advanced MLLMs like GPT-5 can still benefit substantially 
from the explicit injection of gaze information. On the other hand, 
even smaller models like GPT-4.1 Mini performed better with Gaze-
CoT than larger and more advanced models like GPT-5 under the 
baseline condition, demonstrating the importance of gaze in social 
intelligence. In conclusion, the experiment on the GSI benchmark 
directly addresses RQ2 and proves that GazeCoT can improve the 
social intelligence of MLLMs through integrating gaze estimation 
into the CoT reasoning process. 

Figure 9: Results on the GSI benchmark. GazeCoT signifi-
cantly improved performance for all 4 MLLMs. 

Another observation is that, unlike in the simpler gaze target 
recognition benchmark, the performance of GazeCoT on GSI is 
more dependent on the base model (60.83% for Qwen 2.5 VL vs 
72.29% for GPT-5). More advanced models like GPT-5 performed 
significantly better than weaker models like Qwen 2.5 VL and GPT-
4.1 Mini, showing that perception, social knowledge, and reasoning 
capability all play a role in GSI questions. This validates that the 
benchmark curation process went as intended and led to a bench-
mark that evaluates higher-level social intelligence. 

5.3 Ablation Study 
To dissect the performance contributions of GazeCoT components 
and provide insight into RQ3, we perform ablation studies on 
GazeLLE-v3, the ROI description tool, and the Task Agent’s struc-
tured CoT reasoning context. The ablation study does not include 
the visual prompting tool and the Task Agent because these are 
essential to the functioning of the pipeline, and removing them 
would break down GazeCoT entirely. All ablation studies are done 
on the GPT-4.1 and Qwen 2.5 VL versions of GazeCoT using the 
procedure described in Section 5.1. We chose these models 

Setting. We demonstrate the need to train GazeLLE-v3 by com-
paring the performance of GazeCoT using gaze estimations by 
GazeLLE-v3-H and the original GazeLLE-L model released by Ryan 
et al. [106]. The ablation study on GazeLLE-v3 is conducted on the 
gaze target recognition benchmark, since the controlled setting al-
lows us to single out the gaze estimation capability for comparison. 
We report the results in Table 2. The next ablation study involves 
the ROI description tool, which provides text prompts to comple-
ment the main visual prompt. We compare the performance of 
GazeCoT with and without the ROI description tool. Finally, we 
compare the performance of GazeCoT with and without the struc-
tured Task Agent context. Without structured context, the visually 
prompted images and text descriptions would be given to the Task 
Agent without in-context labels. Here, we keep the system prompt 
unchanged and provide explanations of the images and text descrip-
tions in general. The ablation study on pipeline design is conducted 
on both the controlled gaze target recognition benchmark and GSI. 
We report the results in Figure 10. 

Results and Analysis. These results demonstrate that GazeLLE-
v3-H performs substantially better, more than doubling the gain 
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Benchmark Pipeline Gaze Estimator Backbone Accuracy (%) Improvement (pp) 

Gaze Target 
Baseline N/A N/A 43.95 ± 0.83 N/A 
GazeCoT GazeLLE-L DINOv2-ViT-L 54.36 ± 0.39 10.41 
GazeCoT GazeLLE-v3-H DINOv3-ViT-H+ 68.43 ± 0.17 24.48 

Table 2: Performance of GazeCoT (GPT-4.1 version) with different gaze estimators on the gaze target recognition benchmark. 
GazeLLE-v3-H more than doubles the original GazeLLE-L model’s improvement over the baseline. This validates our qualitative 
observations in Section 3.2 and our decision to train stronger gaze estimation models. 

Figure 10: Results of the ablation study. We tested the propri-
etary GPT-4.1 and open source Qwen2.5 VL 72B on the gaze 
target recognition benchmark (top) and GSI (bottom). 

over the baseline compared to GazeLLE-L in the gaze target recog-
nition benchmark. This validates our choice of training stronger 
gaze estimation models. This is consistent with the observations in 
Section 3.2 (Figure 3). 

For pipeline components, we first analyze the results on gaze 
target recognition. For GPT-4.1, the ROI description tool caused 
a slight drop in accuracy. This is expected, as this benchmark is 
collected in a very simple and highly controlled environment. As 
a result, the ROI contains little additional detail, and the image 
overlaid with visual prompts alone is enough for the MLLM to 
accurately identify which object is being looked at. However, ROI 
description still improved performance on gaze target recognition 

for the weaker open-source model, Qwen 2.5 VL, suggesting that 
the tool is more important for less capable models. Similarly, since 
the scene contains only one person, the structured CoT context is 
almost identical to an unstructured one, leading to similar perfor-
mance with or without the structured context for both GPT and 
Qwen. In contrast, results on GSI clearly demonstrate that both ROI 
description and structured reasoning context contribute to better 
high-level social intelligence. The ROI description tool led to sub-
stantial improvements in GSI performance for both GPT and Qwen, 
suggesting that the tool is beneficial for social reasoning in complex 
scenes. The structured CoT reasoning context also improves perfor-
mance on GSI, especially for GPT-4.1 in complex scenes, suggesting 
that gaze prompting requires careful context management to ensure 
optimal performance. 

In conclusion, all components of the GazeCoT pipeline, including 
the GazeLLE-v3 gaze estimator, the ROI description tool, and the 
structured CoT reasoning context of the Task Agent, contribute to 
overall performance, especially in complex scenarios. This largely 
validates the design of GazeCoT and answers RQ3. 

6 User Study 

6.1 Scenario 
We adapt GazeCoT to parent-child Joint Media Engagement (JME) 
[150] analysis to demonstrate its potential to benefit downstream 
applications by improving social perception, a key aspect of arti-
ficial social intelligence (ASI) (RQ2), and by improving the per-
ceived explainability and trustworthiness of MLLM output (RQ4). 
In parent-child JME analysis, researchers need to analyze video 
recordings of parent-child interactions to extract information. A 
widely-used method is taking field notes [2, 33, 111, 148], where 
researchers observe and record in detail parents’ and children’s ver-
bal and non-verbal communication. These notes can then be used 
for research, providing expert advice to parents, or given directly to 
parents as a form of recap [2, 98]. Automating this process requires 
advanced social perception and reasoning capabilities, and is out of 
reach of existing MLLMs [115]. Therefore, we chose automated field 
note generation and analysis due to its value to both researchers 
(as a tool for automatic user study coding) and parents (as a source 
of high quality and always available feedback), as well as its high 
demand on social intelligence. 

Following the experiment format used in GazeLLM [104], we 
use GazeCoT and baseline MLLMs to generate field notes of 11 play 
sequences (Sections 6.2 and 6.3), and ask experts to rate the field 
notes. The metrics cover both output quality (accuracy, comprehen-
siveness, and usefulness) and subjective perceptions (explainability 
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and trustworthiness) to address RQ2 and RQ4, respectively. We de-
scribe the procedure in Section 6.4 and discuss the result in Section 
6.5. 

6.2 Play Sequences 
In this experiment, we use play sequences recorded in a previous 
parent-child-AI collaboration study with 3- to 6-year-olds. In that 
study, the parent and child dyad engage in English as a foreign 
language (EFL) learning through playing with toys while seated 
at a table. The AI assistant, running on a laptop or a smartphone, 
provides support on game progression and English expressions. 
See Appendix E for more details on how the play sequences were 
collected. Our use of these play sequences in this study has the 
full permission of the authors of the original study, is strictly in 
accordance with the terms agreed to by participating parents, and 
has been approved by the university ethics committee. 

Figure 11: The two types of camera angles involved, front 
view and side view. Both provide clear view of the parent, the 
child, and the tabletop. The laptop in the image on the right 
hosts the AI assistant. Faces are blurred to protect privacy. 

The main rationale behind choosing these play sequences is 
that the scenes are dynamic and complex, with the parent and 
child manipulating dozens of toys, communicating with each other, 
and interacting with the AI assistant. This creates a challenging 
scenario full of verbal and non-verbal cues difficult for MLLMs 
alone to accurately understand and describe. Another reason is the 
camera angle, which provides a clear view of the faces and the play 
area (Figure 11). Finally, using the view for automated field note 
generation and analysis would directly benefit the downstream 
application explored by the original study, enabling features like 
play sequence recap and tailored assistance for the parent based on 
past field notes. In summary, this scenario allows for the evaluation 
of fine-grained social perception (RQ2) and subjective perceptions 
of GazeCoT output (RQ4) in a real and challenging environment. 
In total, we selected 11 play sequences from that study, all of which 
are between 20 and 60 seconds in duration. 

6.3 Generating Field Notes With GazeCoT 
We slightly modify the GazeCoT pipeline described in Section 3 
to meet the unique demands of generating field notes. Specifically, 
we modify the visual prompting format proposed in Section 3.3 by 
drawing the facial bounding boxes, gaze lines, and fixation points of 
both the parent and the child together in a single visually prompted 
image. Since the play sequence contains only two individuals, hav-
ing too many visual prompts cluttering the scene and overlapping 
with each other is not a problem, unlike in scenes with more peo-
ple. To adapt GazeCoT to video input, we first cut the video into 

20-second segments, and extract frames at a constant 1 frame per 
second (FPS). We empirically chose 20s × 1FPS for two reasons: (1) 
1 FPS provides enough fine-grained details on the dynamics of the 
play sequence, and (2) 20 images per MLLM query is a heavy but not 
impossible task for GPT-4.1. Furthermore, we modify the structured 
reasoning context of the Task Agent to include timestamps for each 
frame to ensure that the field notes are accurately timestamped. In 
addition to the video, we also use GPT-4o Transcribe to provide 
the MLLM with the text transcript of the speech in each clip. Fi-
nally, we use GPT-4.1 to merge and summarize the field notes of all 
20-second video segments, resulting in the final field note for the 
entire play sequence. We show the modified visual prompts and 
structured reasoning context, as well as a partial example of the 
GazeCoT-generated field notes, in Figure 12. The full example can 
be found in Appendix F. 

We use this modified GazeCoT pipeline to generate 1 field note 
per play sequence. For the baseline condition, we used the same 
MLLM (GPT-4.1), substituting the visually prompted frames with 
unedited ones. We also generate 1 field note per play sequence with 
the baseline MLLM. This results in 11 field notes for each group 
(GazeCoT and Baseline). We ensured that all field notes have the 
same formatting to facilitate fair comparison. 

6.4 Participants and Procedure 
We recruited 10 graduate-level experts (6F, 4M, Age 23.5±2.5) in 
early childhood education. We refer to them as P1 to P10. All are 
Ph.D. or graduate students conducting active research in the field. 
On average, they have participated in 2 early childhood educa-
tion research projects as the primary experimenter responsible for 
hosting the experiment and observing the parent-child or instructor-
child interaction. We chose Ph.D. and master’s students instead of 
more senior researchers because the students have fresh hands-on 
experience taking field notes. All participants were compensated 
for their time at a rate roughly equivalent to 15 USD per hour. 

Procedure. For each participant, we first go through a warm-up 
phase lasting around 15 minutes, where the participant watches a 
clip of a play sequence and two field notes of that clip. This helps 
to familiarize the participant with the settings of the experiment 
and enables them to make sense of the rating criteria. After the 
warm-up phase, the participant is provided with 11 clips, each with 
2 field notes (one generated by GazeCoT, the other by Baseline 
GPT-4.1), respectively. We do not reveal which system generated 
each field note to the participant at this stage. After watching 
the clip and comparing the field notes, the participant is asked 
to rate the field notes on accuracy, comprehensiveness, usefulness, 
explainability, trustworthiness, and overall preference on a 7-point 
Likert scale. The exact definitions of the 6 metrics provided to the 
participant are shown in Appendix G. As the participant rates each 
field note, they can choose to watch the video clip again when 
needed to confirm details or refresh their memory. Finally, after the 
participant finishes rating the field notes of every clip, we conduct 
a semi-structured interview lasting 10 to 20 minutes to discuss the 
experience. During the interview, we would reveal to the participant 
which system generated each note. We would ask them about the 
overall difference between the field notes generated by the two 
systems and about their view on how gaze information helps or 
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Previous Field Note Segments 

Subsequent Field Note Segments 

Parent: The parent’s attention shifts more toward the 
laptop screen and cables, with gaze fixations on the 
device for extended periods. Direct engagement with 
the child decreases, and the parent’s support for the play 
process is reduced. 

29.00-39.00s 

Recommendation: For optimal learn-by-play outcomes, 
the parent should minimize laptop use during the activity 
and maintain direct engagement with the child, using 
the AI assistant only as a brief reference tool… 

Child: The child continues to interact with the play food 
and utensils, but the activity becomes less collaborative 
as the parent’s attention wanes. 

Engagement: The parent’s excessive attention to the 
laptop detracts from the quality of the learn-by-play 
process. The child remains engaged with the toys, but 
joint attention and shared play diminish. 

GazeCOT 

System Prompt: Describe the interaction 
between parent and child in the video using the 
frames given to you. The parent may .....
 
Frame Info: Frames are extracted at 1 FpS. The 
first frame has timestamp 00:20.00 

<BEGIN FRAME AT 30.00 SECONDS> 

<BEGIN FRAME AT 31.00 SECONDS> 

<END FRAME AT 30.00 SECONDS> 

<END FRAME AT 31.00 SECONDS> 

ROl Description of 
Parent 

ROl Description of 
Parent 

ROl Description of 
Child 

ROl Description of 
Child 

Figure 12: An example of field note generation with GazeCoT. The modified reasoning context is on the left, while a segment 
of the field note is on the right. Gaze-related lines in the field notes are underlined and bolded. GazeCoT enables accurate 
joint attention analysis in the field note, and produces actionable advice for the parent. The faces are blurred to protect the 
participants’ privacy. 

hinders accurate social perception in this scenario. If the participant 
mentions a specific clip where the field note left deep good or bad 
impressions, we would record that case for further analysis. The 
interview script is provided in Appendix H. 

Statistical Analysis. For each user, we average their ratings 
over the 11 field notes. Therefore, for each metric (e.g. accuracy, 
usefulness, etc.), each user has one average rating for GazeCoT 
and another for the baseline. We treat these average ratings as 
continuous values. Since the difference between GazeCoT and the 
baseline passes the Shapiro-Wilk normality test (p>0.05) for all 
metrics, we use the paired t-test. We use p<0.05 as the threshold of 
statistical significance. 

6.5 Results and Analysis 
6.5.1 GazeCoT Improves Output Quality. As shown in Figure 13, 
GazeCoT brings significant improvements in output quality metrics. 
This result demonstrates GazeCoT’s potential to improve MLLMs’ 
performance in complex social perception tasks, making previously 
out-of-reach tasks like parent-child JME analysis possible. This 
further confirms the findings in Section 5.2 and provides additional 
insight on RQ2. 

GazeCoT Provides Accurate and Comprehensive Attention 
Analysis. The participants provided various reasons for the per-
ceived improvement in field note quality. Several participants (P1, 

Figure 13: Results of the user study. GazeCoT achieved statis-
tically significant improvements in all 6 metrics. 

P2, P4, P6, P7) found that GazeCoT is better at capturing the shift 
in both individual and joint attention, leading to better description 
of the dynamics of parent-child interaction and higher ratings in 
accuracy (GazeCoT 5.38±0.72, Baseline 4.03±0.58, p=0.0006), com-
prehensiveness (GazeCoT 5.24±0.56, Baseline 4.45±0.45, p=0.0100), 
and usefulness (GazeCoT 5.20±0.80, Baseline 4.29±0.46, p=0.0032). 
P6 attributed this to GazeCoT’s focus on gaze and told us "gaze is 
one of the most important signals of shifts in attention". Specifically, 
as noted by P1, P2 and P4, GazeCoT is better at identifying and 
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analyzing cases where joint attention is weak or nonexistent, lead-
ing to more insightful and useful overall analysis of parent-child 
JME. P1 commended GazeCoT’s ability to capture brief gaps in 
joint attention, saying "Sometimes I would miss short gaps in joint 
attention when watching the clips on my own. This system (GazeCoT) 
did a great job finding them. I can then go back to the video and 
analyze the joint attention gaps myself." This shows that explicitly 
integrating third-person gaze with MLLMs leads to improvements 
in downstream applications, especially those requiring accurate and 
comprehensive analysis of human attention. These results also con-
firm that GazeCoT indeed met design goal G1 (accurately injecting 
gaze information). 

GazeCoT Reduces Hallucination. P4 mentioned the level of 
hallucination as the definitive factor in her ratings, saying "The field 
notes generated by this system (GazeCoT) have much less made-up 
content. The other system (baseline) adds too much fictional content 
and that instantly ruins my impression." P7 also stated that "It (Gaze-
CoT) does not invent non-existent shifts in joint attention, while the 
other system (baseline) sometimes does." This can be attributed to the 
accurate gaze-grounded attention analysis generated by GazeCoT. 
In addition, some participants (P4, P6, P7) also found that Gaze-
CoT provides more precise timestamps for the events in the clip, 
leading to higher accuracy ratings. This can be explained by the 
structured reasoning context we used in GazeCoT, which reduces 
hallucination in multi-image situations. These results also indicate 
that design goal G2 (reducing hallucination) is fulfilled. 

6.5.2 GazeCoT is More Explainable and Trustworthy. The results 
in Figure 13 demonstrate that, in addition to having better quality, 
GazeCoT’s output is more explainable (GazeCoT 5.45±0.66, Baseline 
4.73±0.56, p=0.0018) and trustworthy (GazeCoT 5.24±0.60, Baseline 
4.26±0.65, p=0.0041) than the baseline MLLM. Explainability and 
trust are essential to human-AI interaction, and these results con-
firm that gaze-informed social reasoning improves both aspects. 
This addresses RQ4. 

Gaze as a Common Ground for Explainable Social Percep-
tion. Some participants (P1, P2, P4, P10) perceived the field notes 
generated by GazeCoT as more explainable due to the grounding 
of conclusions on joint attention in gaze (e.g. there is a lack of joint 
attention because the parent is looking at the laptop while the child 
plays on his own, looking down at the toy in his hand). P1 men-
tioned that "Gaze provides a common ground between me and the 
AI, since both of us rely on it to analyze joint attention. This makes 
the field note feel more explainable." This is consistent with prior 
observation that AI explanations that match human explanatory 
norms are perceived as better [88]. 

However, other participants (P6, P7, P9) did not perceive a signif-
icant difference in explainability. P7, who has extensive experience 
with LLMs, said "I do not think the two are much different, as both 
systems back their conclusions with seemingly plausible explanations. 
I am more concerned about the inherent explainability of LLMs, which 
are essentially black boxes." This reflects the perception gap in MLLM 
explainability between ordinary users and experts, consistent with 
previous findings on explainable AI [58, 142]. In conclusion, some 
users with expertise in LLMs remain (rightly) concerned about the 
gap between perceived plausibility of MLLMs’ self-explanations 
and actual explainability [1, 23, 127]. 

Building Trust with Gaze-Informed Social Reasoning. As 
mentioned before, the accuracy of the field notes is the most impor-
tant factor in determining the participants’ impression of a system. 
The same is true for building trust in the system and is consistent 
with existing literature on trust in automated systems [48, 69]. Many 
participants (P1, P3, P4, P5) expressed that the higher accuracy of 
GazeCoT’s field notes is the primary reason they trust it more than 
the baseline. P1 said "Its (GazeCoT’s) capability to accurately capture 
shifts in attention, as well as the reasoning process based on gaze 
observations, that made me trust it more." P1’s perspective shows 
that, in addition to accuracy, GazeCoT’s more human-like social 
reasoning also played a part in improving trust. In another example, 
P2 commented "It (GazeCoT) uses gaze to analyze the joint engage-
ment of the parent and the child, which is consistent with my own 
way of analyzing these clips. I trust it more because I know it uses 
the same analysis techniques as I do." P2’s comments suggest that, 
similar to how common ground between users and GazeCoT in so-
cial perception improves perceived explainability, common ground 
in social reasoning and mental model improves trust. P9 also re-
marked "The system (GazeCoT) using gaze and posture to analyze 
parent-child interaction is similar to my mental model." The effect of 
human-AI mental model alignment on trust is similar to that found 
in non-MLLM automated systems [49, 86]. 

Despite the higher trust in GazeCoT in general, one participant 
(P6) found the baseline more trustworthy. P6 said in the interview 
"It feels like the system (baseline) wants to tell me more about the 
clip. The other system (GazeCoT) is not giving me all the details 
and I trust it less." After more in-depth discussion with P6, we 
identified the cause to be GazeCoT’s tendency to prioritize gaze 
information and joint attention, while the baseline selects more 
randomly from a broader set of social cues. This led to P6’s perceived 
transparency of the baseline. Therefore, apart from accuracy, the 
perceived transparency and openness of the AI is also a factor in 
building trust [155] in MLLM-based artificial social intelligence. 
However, it is noteworthy that the level of transparency should be 
balanced, as the overflow of details could induce blind trust in the 
system [99], leading to worse outcomes. 

7 Discussion 

7.1 Towards Human-Aligned Social Reasoning 
in MLLMs 

An important observation from our user study is that common 
ground between human and AI in social perception and social 
reasoning improves perceived explainability and trust. This leads to 
a key question: how does GazeCoT create such common ground? 
Since a major function of human gaze as a social cue is to indicate 
a person’s attention [12, 34, 37, 40, 65, 92], we provide a qualitative 
answer from the perspective of guiding and aligning the attention 
mechanism [130] of MLLMs with human attention, a useful lens for 
both vision tasks [39, 100, 152] and human-AI interaction [41, 137, 
144, 156]. In Figure 14, we visualize how the visual attention for the 
token "looking" changes when presented with visual gaze prompts. 
The MLLM used here is LLAVA 1.5 7B, whose attention map can 
be readily visualized with the VaLSe tool2 proposed by Chen et al. 

2https://github.com/Ziwei-Zheng/VaLSe 

https://2https://github.com/Ziwei-Zheng/VaLSe
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[19]. As shown in the figure, GazeCoT’s visual prompts are able to 
direct more of LLAVA 1.5’s attention for the token looking to areas 
humans associate with the concept of looking. This provides insight 
into how GazeCoT works: it guides and aligns MLLM attention with 
human attention, increasing the influence of human attention on the 
reasoning process and making it more aligned with human norms. 
Therefore, visual prompting allows for a deeper, more fundamental 
integration of gaze information and MLLMs compared to existing 
"gaze ⇒ text ⇒ LLM" pipelines in HCI research [67, 68]. 

Example 1 

Example 2 

Baseline Input Baseline Attention GazeCoT Input GazeCoT Attention 

Figure 14: Attention heatmaps for the token "looking" in 
LLAVA 1.5, with and without visual prompting. The model is 
prompted with the question "What is the person marked by 
the bounding box looking at." The attention values are from 
the final transformer block of LLAVA 1.5. The visual prompt 
(gaze line) is able to guide the MLLM to focus on the direction 
and target of the person’s gaze. 

A natural follow-up question would be how to expand this com-
mon ground in social perception and reasoning. Fortunately, 
gaze is not the only non-verbal social cue that conveys human 
attention, intent, emotion and belief. Other social cues can also be 
injected into the reasoning context of MLLMs to guide model atten-
tion. For example, the GazeCoT pipeline can be directly adapted to 
work on pointing, leveraging existing pointing direction estimation 
models [90, 128]. Human pose and gestures can also be added to 
the pipeline, although these would lean more on detailed text de-
scription of the pose [57, 164] or gesture [57, 109] rather than direct 
visual prompting. Similar to gaze, all of these non-verbal social cues 
require fine-grained visual perception and spatial reasoning, areas 
where specialized vision models can complement MLLMs. 

By empowering MLLMs with the ability to perceive these non-
verbal social cues, we can create even more common ground be-
tween humans and MLLMs in social perception and social reasoning. 
This opens up a new paradigm for human-aligned social reason-
ing in MLLMs, which enables MLLMs to understand social cues 
like humans, aligns social perception and social reasoning between 
MLLMs and humans, and eventually leads to smoother and more 
productive human-AI interaction. 

7.2 Evolution of GazeCoT: Gaze-based MLLM 
Social Intelligence for the Future 

A key advantage of GazeCoT is the interchangeability of its 
pipeline components. Both the gaze estimation model and the 
MLLM can be easily switched to newer, more powerful models 

down the line. Therefore, GazeCoT evolves together with vision 
encoder backbones, gaze estimation algorithms, and MLLMs. 

What Do Better Features Look Like? Better vision encoders 
should provide smoother, cleaner and more fine-grained dense fea-
tures. This is evident in the comparison between DINOv2 features 
and DINOv3 features in Figure 15. Development on this front mainly 
involve larger-scale training data and novel training techniques 
[118]. For more dense feature visualizations and discussions on 
how to improve dense feature maps with Gram anchoring during 
training, we refer to the DINOv3 paper [118]. We expect further 
progress in general-purpose vision backbones to improve gaze es-
timation and GazeCoT, as vision encoders are the foundation for 
both GazeLLE-style gaze estimation and MLLMs. 

Figure 15: Comparison of the dense feature maps generated 
by DINOv2 and DINOv3. The images are the same ones from 
Figure 3. The feature maps are reduced from 1024 (DINOv2-
ViT-L) or 1280 (DINOv3-ViT-H+) dimensions to 3 dimensions 
through PCA, and visualized as RGB images. DINOv3 features 
are smoother, more aligned with people and objects, has 
clearer representation of head and eye features, and has fewer 
artifacts in the background. 

Aligning Gaze Estimation With Human Perception. In pre-
vious sections, we discussed aligning MLLM perception with human 
perception. A similar perspective can be applied to gaze estimation. 
Despite achieving metrics that appear superhuman (AUC and L2), 
GazeLLE-v3-H still significantly underperformed humans in the 
gaze target recognition benchmark. This suggests a misalignment 
between scene-agnostic metrics like L2 and human perception. 

The case in Figure 16 demonstrates that the effect of L2 errors 
on downstream tasks (product-level and object-level gaze target 
recognition) is anisotropic, varying greatly depending on the di-
rection of the error. This calls for the wider adoption of metrics 
such as task-level accuracy and object-level accuracy. The same 
principles can be applied to model training as well. The attempt by 
Tafasca et al. [121] to incorporate object labels into the loss func-
tion showed some success, but much work remains to be done. One 
potential approach is to use semantic segmentation models such 
as SAM [61, 102] to complement the scene-agnostic loss function 
with scene-specific object segmentation information, rewarding 
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predictions that align with the object-level and task-level semantics. 
Progress in this direction would lead to gaze estimation models 
that are more capable of decoding human attention, benefiting 
downstream HCI applications. 

Figure 16: How L2 metrics deviate from human expectations 
in gaze target estimation. In this example from the GOO-Real 
dataset [125], we consider gaze target predictions within the 
light green area (on any of the 6 FITA boxes) to be correct for 
the task of recognizing which product the customer is looking 
at, and those within the dark green area (on the ground truth 
FITA box) to be correct for the task of recognizing which 
object the customer is looking at. The tolerance for L2 error 
varies significantly across different directions: tiny errors in 
the blue direction would be catastrophic, while errors in the 
orange direction are tolerated more by downstream tasks. 

GazeCoT for MLLM Training. As discussed in Section 2.2, a 
major bottleneck in MLLM perception is the lack of image-text 
pairs with fine-grained captions. GazeCoT can be adapted to pro-
vide fine-grained captions on gaze and social interaction in images. 
This is relevant to the generation of synthetic training data, which 
has been widely used in LLM and MLLM training [7, 76, 112, 163]. 
If GazeCoT is able to mitigate the lack of gaze-related training data, 
we can expect future MLLMs to be better at perceiving gaze and 
understanding social interactions, which in turn improves Gaze-
CoT. This would usher in a virtuous cycle in gaze-aware MLLM 
development. 

7.3 Adapting GazeCoT to Downstream HCI 
Applications 

A wide range of HCI applications rely on socially aware multimodal 
AI, and benefit from the gaze-informed social reasoning afforded 
by GazeCoT. Examples include: 
• Human-robot interaction (HRI). Robots often need to under-
stand user instructions or infer implicit user intent (Figure 17a). 
In these cases, GazeCoT can help the robot decode the user’s 
intent directly from gaze, as envisioned by previous work [83]. 

(a) (b) 

Figure 17: Two potential downstream applications of Gaze-
CoT. (a) GazeCoT can support natural human-robot interac-
tion by improving gaze understanding, enabling the robot 
to provide shopping advice proactively. (b) GazeCoT can an-
alyze workplace discussions by identifying each person’s 
focus, allowing an MLLM-based AI moderator to guide the 
discussion to be more comprehensive and productive and to 
provide detailed personalized recaps afterwards. 

This reduces the need for excessive verbal instructions and leads 
to smarter and more intuitive HRI. 

• Workplace collaboration. Prior work on using first person 
gaze to improve collaboration in VR [10, 11] demonstrated the 
potential of gaze in facilitating better collaboration. Gaze-based 
co-located collaboration has also been explored but was limited 
to screens with attached eye trackers [159]. GazeCoT can ex-
pand the modeling of joint attention and mutual awareness to 
MLLM-based applications (Figure 17b) in generic physical spaces 
[16, 162], enabling more intelligent moderation of conferences, 
discussions and brainstorming without the need for eye tracking 
hardware. 

• Early childhood education, which we explored in our user 
study, can also benefit from GazeCoT. Prior work [63] directly 
combines gaze and close-ended object recognition to describe 
play context. Extending this paradigm, GazeCoT allows for open-
ended and versatile interpretation of gaze and surrounding visual 
context, enabling more fine-grained, socially-aware content gen-
eration for early childhood education. 

• MLLM-powered accessibility applications for blind and low-
vision (BLV) users. Prior work like WorldScribe [18] uses MLLMs 
to generate adaptive real-world visual descriptions for BLV users. 
GazeCoT can expand such systems to describe non-verbal social 
dynamics. 

• Creativity and performative applications [30]. GazeCoT may 
be used to model the attention of the audience and performer, 
providing feedback on improving the performance. We hope 
GazeCoT can inspire future work exploring the integration of 
third-person gaze and MLLMs in diverse HCI applications. 

7.4 Ethical Implications 
The primary focus of this paper is on the technical and user expe-
rience aspects of integrating third-person gaze into MLLM social 
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reasoning. However, we acknowledge that this topic also has pro-
found ethical implications, especially on privacy and surveillance 
[134, 136]. Specialized models for tasks like gaze estimation and 
pose estimation can perceive social cues but cannot interpret them 
[64, 132]. MLLMs can interpret text-based cues but fail at social 
perception [73, 161]. GazeCoT combines the strengths of the two, 
potentially enabling invasive and unethical forms of fully auto-
mated cognitive surveillance. 

The potential applications of GazeCoT fall into two categories in 
terms of ethical concerns. The first type of application is coopera-
tive, where the individuals whose attention and intent are analyzed 
by GazeCoT are the users who proactively initiated the applica-
tion and stand to benefit directly. Some examples of cooperative 
applications are HRI (especially in home settings) and personal AI 
assistants. In these cases, informed consent is paramount to mitigat-
ing ethical concerns. Furthermore, on-device inference leveraging 
lightweight MLLMs (e.g. Qwen2.5 VL 3B, Phi 4, etc.) could largely 
eliminate the risk of sending away sensitive data. For applications 
where state-of-the-art proprietary MLLMs are needed, GazeLLE-v3 
can be hosted locally, with the cloud API receiving only gaze esti-
mations and processed images in which the faces are anonymized. 
Finally, even in cooperative use cases, bystanders’ privacy needs to 
be considered. 

The second type of application is non-cooperative. This refers 
to cases where individuals’ gaze and cognitive state are analyzed 
without their proactive input or direct benefits to them. Examples 
include advanced security surveillance and employee surveillance. 
We strongly caution against such cases of non-cooperative 
cognitive surveillance, which pose severe privacy and eth-
ical risks. We advocate for strict governance that limits gaze-
aware MLLMs to user-authorized cooperative scenarios with in-
formed consent and proper privacy protections. As things stand 
currently, massive use of MLLMs on such dense tasks like cogni-
tive surveillance remains very costly compute-wise [149], which 
limits real-world applications. This provides academia, the public, 
and regulators a time window to establish the type of robust gov-
ernance needed for the ethical and responsible use of gaze- and 
socially-aware MLLMs as part of the broader vision of ethical AI 
[28, 138, 146]. 

7.5 Limitations and Future Work 
7.5.1 Latency, Cost, and Pipeline Optimization. GazeCoT requires 
an additional MLLM inference step due to the ROI description tool. 
On the gaze target recognition benchmark, the GPT-4.1 version of 
the GazeCoT pipeline took on average 11.0 seconds per question. 
Removing the ROI description step reduces that to 5.9 seconds. In 
comparison, the baseline MLLM took 5.2 seconds. GazeCoT also 
introduces more image tokens in the Task Agent’s context, resulting 
in higher token usage. In the same experiment, GazeCoT used on 
average 182 prompt tokens and 97 completion tokens (182P/97C) 
for ROI description, and 812P/125C for the Task Agent per question. 
Removing ROI description reduces token usage to 658P/67C. The 
baseline used 365P/79C, with the savings primarily coming from the 
absence of the visually prompted image. For reference, for GPT-4.1, 
OpenAI charges $2 for 1 million prompt tokens, and $8 for 1 million 
completion tokens at the time of writing. 

Therefore, latency-sensitive applications, especially those work-
ing in relatively simple environments, can skip the ROI description 
step. Another way to mitigate the higher latency of GazeCoT is 
to use locally-hosted open source MLLMs such as Qwen2.5 VL 
and switching to streaming output. This way, it is possible to inte-
grate gaze estimation into real-time MLLM-powered interactions. 
Since the main focus of this paper is on enabling general-purpose 
third-person gaze understanding in MLLMs, we leave streamlin-
ing GazeCoT to more efficiently meet the demands of downstream 
applications as future work. 

7.5.2 From Face Detection to Head Detection. GazeCoT uses a face 
detection model (RetinaFace3), which does not work well for in-
dividuals not facing the camera. This is problematic in scenarios 
with certain camera angles (e.g. ceiling-mounted camera, a robot 
following a person, etc.). A fix would be switching to head detec-
tion, potentially by training a YOLO detection model [124] on head 
detection datasets [97, 133]. GazeLLE-v3 can be used as-is, as it is 
capable of dealing with individuals not facing the camera. 

7.5.3 User Studies in More Diverse Scenarios. We acknowledge that 
the user experiment is limited to a single scenario, parent-child 
JME analysis during play. While it is a complex scenario difficult 
for standalone MLLMs, it is far from covering the full scope of 
artificial social intelligence. In addition, our users were experts 
in parent-child interaction. Their perception of explainability and 
trust, though valuable, may differ from that of ordinary users. Future 
work on integrating third-person gaze directly into MLLM-based 
interactive systems, such as those outlined in Section 7.3, would be 
highly valuable, and would provide insight on how gaze-informed 
MLLMs change the interaction process and user experience. 

8 Conclusion 
We introduced GazeCoT, a plug-and-play pipeline that combines the 
strengths of gaze estimation models and MLLMs. GazeCoT works 
by injecting third-person gaze predictions made by our state-of-the-
art GazeLLE-v3 model into the CoT reasoning context of MLLMs 
in the form of hybrid visual and text gaze prompts, significantly 
improving MLLMs’ ability to perceive human gaze and engage in 
socially intelligent CoT reasoning. We demonstrated GazeCoT’s 
ability to improve MLLMs’ social intelligence through experiments 
on two benchmarks and a user study. The results showed improved 
social intelligence, explainability, and trustworthiness, which can 
be partially attributed to gaze acting as a common ground between 
human and MLLM social perception and social reasoning. Finally, 
we discussed how GazeCoT aligns human and AI social percep-
tion and social reasoning, how introducing other non-verbal social 
cues can further strengthen that alignment, how GazeCoT can be 
improved and adapted to more HCI applications, and the ethical im-
plications of socially-aware MLLMs. We hope GazeCoT can inspire 
more work on enabling MLLMs to truly understand people and so-
cial interactions, as well as work on socially intelligent interactive 
systems. 

3https://github.com/serengil/retinaface 

https://3https://github.com/serengil/retinaface
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A Training GazeLLE-v3 
The original GazeLLE model is trained for 15 epochs on the GazeFol-
low dataset with the Adam optimizer. The initial learning rate (LR) 
is set at 𝜂 = 10−3 , with cosine annealing LR scheduling [80] over 
the 15 epochs ending with 𝜂𝑚𝑖𝑛 = 10−7 . Three data augmentation 
techniques were used to train GazeLLE, namely random cropping, 
horizontal flipping, and bounding box jittering. For GazeLLE-v3-L, 
we used the exact same training procedure. For GazeLLE-v3-H, we 
trained the model for 20 instead of 15 epochs to take advantage of 
the higher quality dense features extracted by DINOv3. A modified 
version of the publicly released code of GazeLLE4 is used to train 
GazeLLE-v3. In total, GazeLLE-v3-L took around 13 RTX 5090 GPU 
hours to train, while GazeLLE-v3-H took around 32 RTX 5090 GPU 
hours. We used the checkpoint from the last epoch in GazeCoT. 

B GazeLLE-v3 Failures 

Original 
Images 

GazeLLE-v3-H 
Predictions 

Figure 18: Failures by GazeLLE-v3-H. A green bounding box 
indicates the person whose gaze is being estimated, and a 
green dot indicates the predicted fixation point (the point 
with the largest heatmap value). The three bad cases on the 
left are caused by insufficient understanding of head and eye 
orientation, while the case on the right is caused by both 
poor fine-grained feature understanding and the inability to 
consider the action’s (drinking from a cup) impact on gaze by 
blocking the line of sight. The leftmost image is from Zhang 
et al. [161] while the other three are from GazeFollow [103]. 

While GazeLLE-v3 represents a significant improvement over the 
original GazeLLE model, it still has weaknesses in understanding 
fine-grained head and eye features, as well as the influence of hu-
man activity on gaze. We present some of the bad cases in Figure 18. 
We expect these weaknesses to be addressed by progress in general 
purpose vision encoders and gaze estimation algorithms. Address-
ing these failures would improve the performance of GazeCoT and 
benefit HCI applications in general. 

C From Heatmap to ROI 
We provide the detailed ROI extraction procedure used in the ROI 
description tool. Given a gaze heatmap H, the ROI is determined 
through a multi-stage process. First, the heatmap H ∈ R 64×64 is 
binarized into a mask M ∈ {0, 1}64×64 , using a threshold 𝜃 to isolate 
the region around the fixation point: 
4https://github.com/fkryan/gazelle 

M(𝑖, 𝑗 ) = 

 
1 if H(𝑖, 𝑗 ) ≥ 𝜃 

0 otherwise 

Second, the minimal bounding box B = (𝑥min, 𝑦min, 𝑤, ℎ) for 
this region is extracted from M, defined by its top-left corner 
(𝑥min, 𝑦min) and its dimensions (𝑤, ℎ). Finally, to incorporate local 
context, this box is uniformly expanded by a factor of 𝑛 around its 
center to yield the final ROI, B ′ = (𝑥 ′ min, 𝑦 ′ min, 𝑤 ′ , ℎ ′ ): 

𝑤 ′ = 𝑛 · 𝑤, ℎ ′ = 𝑛 · ℎ, 

𝑐𝑥 = 𝑥min + 
𝑤 
2
, 𝑐 𝑦 = 𝑦min + 

ℎ 
2
, 

𝑥 ′ min = 𝑐𝑥 − 
𝑤 ′ 

2
, 𝑦 ′ min = 𝑐 𝑦 − 

ℎ ′ 

2 
We empirically set the binarization threshold at 𝜃 = 0.15 and 

the expansion factor at 𝑛 = 2.0. If the need arises, 𝜃 and 𝑛 can 
be adjusted to fit specific downstream applications of GazeCoT. 
Decreasing 𝜃 or increasing 𝑛 would lead to larger ROIs, while in-
creasing 𝜃 or decreasing 𝑛 would lead to smaller ROIs. 

D GazeCoT System Prompts 
We present the system prompts used in GazeCoT. These are also 
available in the supplementary materials. We will release a public 
repository for GazeCoT once the paper is accepted for publication. 

Task Agent Prompt (For VQA) 
{ 

"task": "You are given images overlaid with the focus 
point of the gaze of person(s) of interest and a 
question. Answer the question to the best of your 
ability.", 
"requirements": [ 

"There are n images in total, each paired with a 
detailed text description. Each image-text pair 
corresponds to one person of interest: the image 
is annotated with a colored bounding box around 
the person of interest's head and a dot of the 
same color marking the fixation point of their 
gaze. The text is a detailed description of the 
area on and around the fixation point.", 
"For each image pair, first analyze the annotated 
original image. Then analyze the text 
description and its implications for the question. 
Finally, answer the question.", 
"If you are given a list of options, you must 
choose from it and repeat the choice verbatim. 
You must not give an answer not from the list 
of options.", 
"You must answer in the following json format: 
{ 

"analysis": "(write your analysis here)", 
"answer": "(your answer) 

}" 
] 

} 

Task Agent Prompt (For Parent-Child JME Analysis) 
Describe the interaction between parent and child in 
the video using the frames given to you. Analyze their 
engagement with the activity. Write your analysis in 

https://openreview.net/forum?id=1tZbq88f27
https://4https://github.com/fkryan/gazelle
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segments with clear timestamps. The FPS is {FPS}. The 
first frame is at {START_TIMESTAMP} seconds. 

ROI Description Prompt 

this is a zoomed-in image with a small red circle annotating 
the focus point. Find where the focus point is 
(Important!) and very briefly describe it and 
surrounding objects in a single short sentence. 
Do not describe the background. 

E Play Sequence Collection Procedure 
The play segments mentioned in Section 6 were gathered from a user 
study investigating an AI assistant for parent-child play-based English as a 
foreign language (EFL) learning. The experiment was designed to evaluate 
the system’s impact on learning outcomes and triadic (parent-child-AI) 
interaction patterns. 

In that study, 16 parent-child dyads (Parents: 14F 2M, Children: 11F 5M) 
were recruited online. The children were between 3 and 6 years old (4.6±1.1). 
There were no specific language proficiency requirements for the parents 
and children, as that study intended to capture the usage patterns of parents 
and children with various language proficiency levels. The experimenter 
informed the parent and child about the terms for data storage and usage, 
privacy, and potential risks. All participants signed an informed consent 
form. The usage of the recordings in this paper (GazeCoT) strictly 
follows the terms agreed to by participants. 

The study took place in a lab environment. Following an informed con-
sent process that covered data usage, privacy, and risks, each dyad completed 
two 20-minute play sessions. The main task for the parent was to integrate 
language learning into their play while maintaining the child’s engagement. 
The room where the experiments took place has a table with toy sets. These 
include one set of kitchen toys and one set of clinic toys, used for the two 
play sessions, respectively. The toy sets were chosen to contain potential 
vocabulary items for the parents to teach. Apart from the toys, the parent 
was provided with a laptop, tablet, or phone with an AI assistant application. 
The parent can use the AI to provide either language support (e.g. asking 
about vocabulary and expressions) or game progression support (asking 
for advice on what to do next). The experimenter exited the room after the 
preparation to ensure natural parent–child interaction. 

F Field Note Example 
Below is the full version of the GazeCoT-generated field note shown as an 
example in Figure 12. 

0.00–19.00s 
Parent: The parent is primarily focused on the laptop and its cables, 

with hands on the keyboard and gaze directed toward the device. There are 
brief moments when the parent glances at play items (toy ice cream cone, 
play food), but overall, their attention is dominated by the laptop, likely 
consulting the AI assistant for information. 

Child: The child’s gaze is mostly on their own hand, forearm, and 
play materials (pink marker, green toy figure, containers, toy frying pan). 
The child is engaged in solitary play, not interacting with the parent or 
participating in a joint activity. 

Engagement: Throughout this period, there is minimal evidence of 
joint attention or meaningful parent-child engagement. The parent’s over-
reliance on the laptop results in limited support for the child’s play, and the 
child remains independently focused on their own activities. 

19.00–22.00s 
Parent: The parent becomes more actively involved, reaching toward 

the play area and objects (glass jar, toy vegetables) while still consulting 
the laptop for language support. 

Child: The child is engaged with the play food, holding a pink toy knife 
and interacting with the items on the table. 

Engagement: Both parent and child are focused on the play objects and 
each other, with gaze fixations on the shared activity space. Joint attention 
and collaborative play are evident. 

22.00–28.00s 
Parent: The parent continues to interact with the child, focusing on 

the child’s hand and the pot/pan lid, supporting the play scenario. Gaze 
alternates between the child’s actions and the laptop. 

Child: The child manipulates the pot lid and other toy food items, main-
taining active participation in the play. 

Engagement: The parent uses the AI assistant as a support tool but not 
as a distraction. The child remains engaged with the play process, and joint 
attention is maintained. 

29.00–39.00s 
Parent: The parent’s attention shifts more toward the laptop screen 

and cables, with gaze fixations on the device for extended periods. Direct 
engagement with the child decreases, and the parent’s support for the play 
process is reduced. 

Child: The child continues to interact with the play food and utensils, 
but the activity becomes less collaborative as the parent’s attention wanes. 

Engagement: The parent’s excessive attention to the laptop detracts 
from the quality of the learn-by-play process. The child remains engaged 
with the toys, but joint attention and shared play diminish. 

40.00–42.00s 
Parent: The parent is seated beside the child, with one hand on the 

laptop and gaze directed toward the laptop’s cable/connector and screen 
edge. The parent may be consulting the AI assistant but is partially engaged 
with the child. 

Child: The child is actively engaged with the play food set, holding a 
toy spatula and interacting with toy vegetables and containers. 

Engagement: The child is focused on the play activity, responding to 
the parent’s prompts. The parent’s attention is split but not to the exclusion 
of the child. Mild flag for parent attention, but joint attention is present. 

43.00–59.00s 
Parent: The parent’s gaze shifts from the laptop to the child’s hands and 

play food items. The parent’s hand is often on the laptop, but their gaze is 
increasingly on the child’s actions. The parent guides and responds to the 
child’s play choices, with gestures indicating active participation. 

Child: The child is highly engaged, using utensils, holding vegetables, 
and responding to the parent’s comments. The child’s gaze and hand move-
ments show active participation in the play scenario. 

Engagement: The interaction is collaborative, with both parties focused 
on the play food set and utensils. Joint attention and shared activity are 
strong, and the parent is not overly distracted by the laptop. The play-by-
learning process is maintained, with both parent and child focused on the 
activity. 

— 
Overall Assessment 
Parent’s Engagement: The parent’s attention fluctuates throughout 

the session. In the first segment (0.00–19.00s), the parent is overly focused 
on the laptop, resulting in minimal engagement with the child and limited 
joint attention. From 19.00–28.00s, the parent balances attention between 
the child and the AI assistant, supporting collaborative play. However, 
from 29.00–39.00s, the parent’s attention again shifts excessively to the 
laptop, reducing direct support for the child’s play. In the final segment 
(40.00–59.00s), the parent’s engagement improves, with gaze and gestures 
directed toward the child and the play activity, fostering joint attention and 
collaborative learning. 

Child’s Engagement: The child is consistently engaged with the play 
materials, but the quality of engagement depends on the parent’s involve-
ment. When the parent is distracted by the laptop, the child plays indepen-
dently. When the parent is actively involved, the child participates in shared 
play and responds to prompts, demonstrating joint attention. 
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Gaze, Attention, and Joint Attention: Joint attention is limited in 
the early and middle segments due to the parent’s excessive focus on the 
laptop. It improves significantly in the later segment (40.00–59.00s), with 
both parent and child attending to the shared activity space and each other. 
Flagged Issues: The main concern is the parent’s excessive attention to the 
AI assistant/laptop during 0.00–19.00s and 29.00–39.00s, which detracts 
from the quality of the learn-by-play process and limits joint attention. The 
child’s engagement is generally strong, but collaborative play is reduced 
when the parent is distracted. 

Recommendation: For optimal learn-by-play outcomes, the parent 
should minimize laptop use during the activity and maintain direct engage-
ment with the child, using the AI assistant only as a brief reference tool. 
Sustained joint attention and collaborative play are essential for effective 
language learning and parent-child interaction. 

G User Study Questionnaire 
We present the questionnaire used by the participants to rate the field notes 
in the user study. 

Questionnaire 
Rate the field note on the following 6 aspects on a scale of 1 to 7. 1 for 

strongly disagree, 7 for strongly agree. 
(1) Accuracy. The observations in the field note are accurate and con-

sistent with the video clip. 
(2) Comprehensiveness. The field note is comprehensive and covers 

all useful details from the video clip. 
(3) Usefulness. The field note is useful for your work or research. It 

offers insight and / or inspires your work or research. 
(4) Explainability. The conclusions of the field note are explainable 

and grounded in specific scenes and events from the video clip. 
(5) Trustworthiness. I trust the contents of this field note, and would 

trust other field notes generated by the same system. 
(6) Overall Preference. I am overall satisfied with the field note. 

H Interview Script 
In the post-experiment interview, we asked the participants the following 
questions: 

(1) What is your impression on the two types of field notes in general? 
Have you observed any general trends in terms of the difference 
between the two? 

(2) What is your own method of analyzing the clips? How does each of 
the two systems align with it? 

(3) Do you think directing the AI to focus on gaze interaction improves 
field note quality for the task of parent-child JME analysis? 

(4) Do you have any suggestions for further improving the AI’s ability 
to understand complex parent-child interactions? 

Note that the questions were asked after we revealed to the participant 
which notes were generated by System A (baseline) and System B (GazeCoT). 
Apart from these questions, we also asked the participant to explain the 
reason behind their ratings. Finally, we discussed specific examples that left 
the participants with deep impressions. 

I GazeLLE-v3-H vs GazeLLE-v3-L 
We trained two variants of GazeLLE-v3, GazeLLE-v3-L and GazeLLE-v3-H. 
The former uses DINOv3-ViT-L (300M parameters) as the vision backbone, 
while the latter uses DINOv3-ViT-H+ (840M parameters). In addition to the 
quantitative metric comparison in Table 1, we also provide a qualitative 
comparison in Figure 19. GazeLLE-v3-L performed between GazeLLE-L and 
GazeLLE-v3-H. Therefore, we chose GazeLLE-v3-H as the gaze estimator 
for GazeCoT due to its superior performance. The increase in model size 
(840M vs 300M) is not a particular concern in our study, since both variants 
of GazeLLE-v3 can process dozens of frames per second on an RTX 5090 

GPU. If the need arises, GazeLLE-v3-L can be used instead of GazeLLE-v3-H 
in resource-constrained environments, although a drop in output quality 
should be expected. 

Figure 19: Comparison of GazeLLE-L (released by Ryan et al.) 
and our GazeLLE-v3-L and GazeLLE-v3-H models. 
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