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Abstract. Gaze estimation is pivotal in human scene comprehension
tasks, particularly in medical diagnostic analysis. Eye-tracking technol-
ogy facilitates the recording of physicians’ ocular movements during im-
age interpretation, thereby elucidating their visual attention patterns
and information-processing strategies. In this paper, we initially define
the context-aware gaze estimation problem in medical radiology report
settings. To understand the attention allocation and cognitive behav-
ior of radiologists during the medical image interpretation process, we
propose a context-aware Gaze EstiMation (GEM) network that utilizes
eye gaze data collected from radiologists to simulate their visual search
behavior patterns throughout the image interpretation process. It con-
sists of a context-awareness module, visual behavior graph construction,
and visual behavior matching. Within the context-awareness module, we
achieve intricate multimodal registration by establishing connections be-
tween medical reports and images. Subsequently, for a more accurate
simulation of genuine visual search behavior patterns, we introduce a
visual behavior graph structure, capturing such behavior through high-
order relationships (edges) between gaze points (nodes). To maintain the
authenticity of visual behavior, we devise a visual behavior-matching ap-
proach, adjusting the high-order relationships between them by matching
the graph constructed from real and estimated gaze points. Extensive ex-
periments on four publicly available datasets demonstrate the superiority
of GEM over existing methods and its strong generalizability, which also
provides a new direction for the effective utilization of diverse modalities
in medical image interpretation and enhances the interpretability of mod-
els in the field of medical imaging. https://github.com/Tiger-SN/GEM

1 Introduction

Eye tracking is a key technology providing gaze to understand human behavior
and fundamental cognitive processes, with widespread applications in different
? Corresponding authors: Wenting Chen (wentichen7-c@my.cityu.edu.hk) and Linlin
Shen (llshen@szu.edu.cn)

https://github.com/Tiger-SN/GEM
mailto:wentichen7-c@my.cityu.edu.hk
mailto:llshen@szu.edu.cn


2 S. Liu et al

areas [25,11]. Several studies have explored gaze data in various radiology fields,
encompassing examinations such as Chest CT [1], and Knee X-rays [27]. These
studies provide insights into radiologists’ accurate attention allocation and cog-
nitive behavior during image interpretation, and valuable information for under-
standing and diagnosing. For instance, the distribution and density of gaze data
can reveal attention patterns, allowing for precise identification of each poten-
tial lesion with a single gaze point to inform diagnostic decisions. Moreover, eye
tracking can assist surgeons in dynamically adjusting their perspectives during
procedures [14]. The recordings of eye movements can also be replayed as train-
ing materials. Thus, monitoring the eye movement strategies of clinicians during
image interpretation is crucial for lesion location and clinical disease diagnosis.

Automatic gaze estimation algorithms for natural scenes have been investi-
gated in recent years. Some methods [7,15] typically leverage the scene image
and head image to detect gaze regions, and others [26,23,22] utilize multi-task
prediction (e.g. object detection and category classification) to enhance gaze es-
timation accuracy. Although these methods achieve significant gaze estimation
performance in natural scenes, they cannot be directly applied to clinical prac-
tice. Because radiologists often encounter difficulty in obtaining head images dur-
ing medical image interpretation, models are unable to utilize crucial information
regarding head tracking. In contrast, the paired reports and images are readily
available, and eye gaze data can easily establish their connections. Furthermore,
with the success of language models, some works have integrated pre-trained
language models into medical downstream tasks [17,29,5,6,28]. This inspires us
to explore visual behavior patterns by establishing relationships between images
and texts through eye-tracking data. Additionally, radiologists typically exhibit
inherent behavioral patterns when interpreting images. For instance, they tend
to first focus on prominent key lesion locations before scanning surrounding
areas [12,4]. Therefore, we have raised two main issues for the medical gaze es-
timation method. Q1: Can we establish a connection between textual content
and visual perception to achieve a more accurate localization of complex and
various lesions in the medical image? Q2: Can we design a new model architec-
ture to simulate the visual search behavior patterns of radiologists, and thereby
gain deeper insights into the visual strategies and decision-making processes of
radiologists during image interpretation?

To address the aforementioned issue, we propose a Context-Aware Gaze
EstiMation(GEM) network for medical images, which first defines a medical-
specific gaze estimation problem. GEM aims to predict the eye gaze of a radi-
ologist with the given medical image and lesion name. First, to establish the
connection between lesion names and medical images, we devise a context-
aware module to achieve the fine-grained multi-modal alignment. With the
fine-grained alignment, we can provide a precise textual clue for accurate gaze
estimation. Second, to better simulate real visual search behavior patterns, we
propose to use graph matching to capture and preserve the relationships among
gaze points during gaze estimation. To be specific, we introduce the visual be-
havior graph construction to capture visual search behavior by representing
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it with the high-order relations (i.e. edge) among gaze points (i.e. nodes). To pre-
serve the real visual behavior, we design a visual behavior matching to align
the high-order relation between the real and estimated gaze points by matching
their constructed graphs. With these devised modules, the proposed GEM can
precisely locate the specific position of the given lesion name, thus offering vital
interpretation for radiologists’ auxiliary analysis. Experimental results on four
publicly available Chest X-ray datasets show the superiority of GEM to existing
methods and exhibit impressive generalizability across both easy and hard tasks
with the zero-shot setting.

2 Method

2.1 Problem Definition
Let {(Xi

I , X
i
T , Y

i)}Ni=1 denotes the dataset, where XT represents the sentence
of the medical report, XI ∈ RH×W represents chest X-ray (CXR) images. H,
and W denote the height, and width of the CXR image, respectively. Y ∈ RK×2

stands for the coordinates (x, y) of K gaze points for a given sentence. The

objective of this task is to minimize the function: arg min
θ

1
2N

N∑
i=1

(F (Xi
I , X

i
T ; θ)−

Y i)2. F represents the function for predicting gaze points Y , where θ is its
corresponding parameter.

2.2 Context-Aware Gaze Estimation
In Fig. 1, we propose a Context-Aware Gaze EstiMation (GEM) network to
predict the eye gaze points for the medical reports. Given a CXR image XI

and a sentence XT of the corresponding medical report, the image and text en-
coder EI , ET encode them to visual and textual features, respectively. Next, the
context-aware module takes these features as input and generates a correlation
map H to show the fine-grained multi-modal alignment relation. Then, H is
passed to a fully connected layer to predict gaze points Ŷ . In the visual behavior
graph construction, to represent the behavior, we prepare the gaze masks of the
ground truth and predicted gaze points PGT , PPre, and crop the correlation map
with gaze masks to obtain node features NT , NS for their graphs GT , GS . To
preserve visual behavior, we perform visual behavior matching by computing the
correspondence matrix between GT and GS through AIS module and forcing it
close to the diagonal matrix. LMSE and LCE are used for optimization. Image
Encoder. We adopt ResNet-50 as the backbone of our image encoder to ob-
tain three separate features f1 ∈ RH

16×
W
16×C1 , f2 ∈ RH

8 ×W
8 ×C2 , f3 ∈ RH

4 ×W
4 ×C3 ,

where C1, C2, C3 denotes the dimension of each feature, and H and W denote
the height and width of the CXR image, respectively.
Text Encoder. We utilize the text encoder pre-trained by CLIP [19] to extract
the global textual features fG

T ∈ RD for the input text and the local textual fea-
tures fL

T ∈ RM×D for each textual token, where D and M denote the dimension
of textual features and the number of textual tokens, respectively.
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Fig. 1. Overview of the proposed Context-Aware Gaze EstiMation ( GEM)
network. It consists of a context-aware module for fine-grained inter-modal alignment,
a visual behavior graph construction to capture radiologists’ visual search behavior,
and a visual behavior matching module to preserve the behavior.

Context-Aware Module. To capture the inter-modal relation in different
scales, we fuse textual features with multi-scale visual features. Concretely, we
first perform element-wise multiplication of Conv(f1) and MLP (fG

T ) and then
upscale by the factor of 2 to obtain the high-level integrated feature F1, where
Conv and MLP denote the convolutional layer with kernel size of 1× 1 and the
multilayer perceptron. For further fusion in middle scale, we integrate f2 with F1

to obtain intermediate-level integrated features F2 = UP (Conv(f2 · F1)), where
UP and · denote ×2 upsampling layer and concatenation operation, respectively.
Next, we obtain the low-level integrated features F3 = AV G(Conv(f3 · F2)),
where AV G denote downsampling layer. With multi-level integrated features,
we aggregate them through CoordConv layer [18] to generate the multi-modal
features Fm. Finally, we pass Fm and local textual features fL

T to self-attention
layer SA, cross-attention layer CA and feed-forward network FFN to obtain the
correlation map H = FFN(CA(SA(Fm+PE, fL

T +PE))), where PE indicates
the position embeddings. The correlation map shows the fine-grained alignment
relation between the input CXR image and texts.

2.3 Visual Behavior Graph Construction (VBGC)

As radiologists’ gaze points scatter similar to a star pattern with a central point
and surrounding ones, we introduce visual behavior graph construction to cap-
ture their visual behavior, which utilizes a graph to represent the high-order re-
lations [16] (i.e., edges) among gaze points (i.e., nodes). Specifically, we prepare
the gaze masks for the ground-truth (GT) and estimated gaze points PGT , PPre.
The gaze mask is obtained by masking 6 × 6 patches centered around the gaze
points. To extract the gaze point features, we crop the correlation map with the
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gaze masks to obtain the node features for the GT and estimated gaze points
NT , NS . With the node features, we obtain their graph edges ET and ES by ap-
plying an edge generator [10] to the node features. The edge generator initially
employs a transformer model to learn the soft edge relationships between any
pair of nodes in the graph. Then, the softmax function is applied to the inner
product of soft edge features to derive the soft edge adjacency matrices ET and
ES . These graph edges unveil the higher-order relationships between the GT
and estimated gaze point features, facilitating a more profound comprehension
of the interaction among features across various levels. After that, we obtain the
graph structures GT = {NT ;ET } and GS = {NS ;ES} for GT and estimated
gaze points, respectively. To capture higher-order relationships, we utilize graph
convolutional networks (GCN) to embed graph nodes and higher-order graph
structures (edges) into the node feature space, thereby generating new node
features GCN(NT , ET ) and GCN(NS , ES).

2.4 Visual Behavior Matching (VBMatch)
To learn the actual visual behavior of radiologists, we propose a visual behavior
matching to align the high-order relation between the GT and estimated gaze
points by matching their graphs. To be specific, given the graphs for GT and
estimated gaze points GT , GS , we perform graph matching between them to
reduce the disparity in their corresponding relationships within the graph feature
space. The AIS module [10] is employed to calculate the soft correspondence
matrix,

C̃ = AIS(GCN(NT , ET ), GCN(NS , ES)), (1)
where C̃ represents the soft correspondence between nodes in two predicted
graphs, indicating the likelihood of establishing matching relationships between
any pair of nodes in the two graphs. The AIS module [10] consists of an affinity
layer to compute an affinity matrix between two graphs, instance normaliza-
tion [24] to ensure the elements of the affinity matrix are positive, and Sinkhorn [20]
to address outliers in the affinity matrix. To encourage the high-order relation
of GT gaze points close to that of estimated ones, we force one-to-one corre-
spondence between their nodes and edges by setting the target relation matrix
as a diagonal matrix. To achieve this, we compute the cross-entropy loss LCE

between the soft correspondence matrix C̃ and the target correspondence ma-
trix Cdiag. In order to provide more supervision to the estimated gaze points,
we employ the Mean Squared Error (MSE) loss LMSE to quantify the disparity
between them. The overall objective function is defined as:

Ltotal = αLMSE(Ŷ , Y ) + βLCE(C̃, Cdiag). (2)

3 Experminents and Results

3.1 Experiment Setting
Datasets. We conduct the experiments on four publicly available chest X-ray
(CXR) datasets, including MIMIC-Eye [13], OpenI [8], MS-CXR [2] and
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Fig. 2. Qualitative comparison of GEM and other models on MIMIC-Eye dataset.
Yellow arrows indicate regions relevant to input texts, and red and blue points represent
the GT and estimated gaze points, respectively.

Table 1. Gaze estimation performance of different methods. Asterisks indicate statis-
tical significance: * p < 0.05, ** p < 0.01, *** p < 0.001

Methods MSE MAE PCK@0.2 PCK@0.3 PCK@0.4
Baseline 0.0387*** 0.156*** 41.950*** 68.701*** 87.058***

CLAMP [31] 0.0580*** 0.182*** 37.549*** 57.806*** 74.035***
HGTTR [23] 0.0357*** 0.150*** 43.751*** 71.174*** 89.528**
TransVG [9] 0.0327* 0.141* 50.032* 74.951** 89.217**

GEM 0.0320 0.139 50.490 77.012 90.477

AIforCovid [21]. The MIMIC-Eye dataset includes 8,164 pairs of CXR im-
ages, diagnostic reports, and eye-tracking data collected from radiologists while
examining diagnostic reports and images from the cohort of 3,192 patients. 6,600
pairs are used for training, 800 for validation, and 764 for testing. The OpenI
dataset comprises 3,684 pairs of radiology reports and CXR images, while the
AIforCovid dataset consists of the clinical data and CXR images from 820
registered patients. The MS-CXR dataset contains 1,047 CXR images with an-
notations of 1,153 bounding boxes and the corresponding sentences. The CXR
images are resized to 224× 224.
Implementation Details. We adopt the image and text encoder pre-trained
by CLIP and freeze the parameters during training. AdamW optimizer is used
with a learning rate of 1e-6 and a batch size of 16. The training epoch is 12. α
and β are set to 1 and 0.1. All experiments are conducted with the PyTorch on
one Nvidia V100 32GB GPU.
Evaluation Metrics. We utilize Mean Squared Error (MSE), Mean Absolute
Error (MAE) distances, and the Probability of Correct Keypoint (PCK) [30] to
assess gaze estimation accuracy. PCK incorporates predefined thresholds of 0.2,
0.3, and 0.4 for a thorough and balanced evaluation.
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Table 2. Ablation study on the MIMIC-Eye dataset.

Baseline GEM Metrics
Addition Context-Aware VBMatch MSE MAE PCK@0.2 PCK@0.3 PCK@0.4

4 7 7 0.0387 0.156 41.950 68.701 87.058
7 4 7 0.0322 0.142 48.020 75.867 87.009
7 4 4 0.0320 0.139 50.490 77.012 90.477

Fig. 3. Visualization of the ablation study on the MIMIC-Eye dataset.

3.2 Comparison with Baseline Models

We quantitatively and qualitatively compare our performance with the base-
line model and keypoints estimation methods for natural scenes, including the
CLAMP [31] that employs text cues to estimate animal poses� TransVG [9] whose
output layer is modified for gaze estimation, and HGGTR [23] with text input.
In Table 1, our GEM surpasses current methods by a large margin with the
PCK@0.3 scores of 19.206 and 2.061, exhibiting the superiority of the proposed
method. Fig. 2 visualizes the gaze points estimated by the proposed method and
other methods. The baseline model produces scattered predictions, CLAMP ag-
gregates gaze into a single position, but TransVG’s and HGGTR’s estimations
lack accuracy. Conversely, GEM not only predicts precise gaze points but also
captures radiologists’ visual search behavior, demonstrating our superiority.

3.3 Ablation Study

Effectiveness of Context-Aware Modules. In Table 2, the baseline model
integrates textual to visual features through element-wise addition for gaze es-
timation. When using context-aware module, the performance is significantly
improved by 10.166 in the PCK@0.3 score. Fig. 3 shows that the gaze points
(blue) predicted by the baseline with context-aware module are closer to the GT
ones (red), indicating the effectiveness of the context-aware module.
Effectiveness of Visual Behavior Matching (VBMatch). After integrat-
ing both visual behavior matching (VBMatch) and context-aware module, the
PCK@0.3 score remarkably increases by 1.145, as listed in Table 2. Fig. 3 il-
lustrates that further equipping the baseline model with VBMatch makes the
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Fig. 4. Qualitative evaluation of our method on the easy task of phrase grounding on
the MS-CXR dataset. Yellow boxes indicate radiologists’ annotations, blue points are
estimated points, and the heatmap and box show focal areas highlighted by BioViL [3].

Fig. 5. Qualitative evaluation of our method on the hard task of gaze estimation on
OpenI and AIforCOVID datasets. Yellow arrows indicate radiologists’ annotation, and
blue points represent estimated gaze points.

estimated points more accurate and similar to actual search behavior, suggesting
the effectiveness of VBMatch.

3.4 Generalizability Analysis

To further analyze the generalizability of our method, we design both easy and
hard tasks with the zero-shot setting. The former is the phrase grounding task
that predicts the rough region (i.e. bounding box) with given texts on the MS-
CXR dataset [2], and the latter is to estimate precise gaze points on the OpenI [8]
and AIforCovid [21] datasets. In the easy task, Fig. 4 shows that the gaze points
generated by our method are accurately located in the GT box and comparable
to detection results of BioViL [3], indicating that our method can generalize
well on the phrase grounding task. For the hard task, in Fig. 5, our method can
generate precise gaze points that highly correspond to the real annotations on
both unseen datasets, implying our strong generalizability in zero-shot settings.
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4 Conclusion

In this work, we propose a GEM network, which presents the first work to define
and address the context-aware gaze estimation problem in medical scenarios.
We devise a context-aware module to establish the fine-grained relation between
medical images and reports to facilitate gaze estimation. To learn the radiolo-
gists’ visual search behavior patterns, we propose visual behavior graph construc-
tion to represent the visual behavior with graphs and employ visual behavior
matching to preserve the behavior. Extensive experiments prove the superiority
of the proposed method over other models and show its strong generalizability
and interpretability across easy and hard tasks with zero-shot settings.
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