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CT-ScanGaze: A Dataset and Baselines for 3D Volumetric Scanpath Modeling

Supplementary Material

Ethical Statement863

This research follows all relevant ethical guidelines for864
medical research. All patient data used in this study was865
properly anonymized and de-identified following HIPAA866
guidelines. The radiologists who participated in the eye-867
tracking study provided informed consent. No personal or868
identifying information is included in the dataset or results.869
Our study aims to augment, not replace, clinical expertise870
and maintains the central role of human medical profession-871
als in diagnostic decisions.872

Summary873

The appendix is organized as follows:874

• Appendix A describes additional dataset statistics includ-875
ing gaze data split, number of slices distribution, and du-876
ration of data collection recording videos.877

• Appendix B presents additional visualizations of our syn-878
thetic training data.879

• Appendix C provides additional implementation details.880
• Appendix D describes the 3D scanpath similarity metrics.881
• Appendix E describes implementation details of baseline882

methods adapted for 3D scanpath prediction.883
• Appendix F provides additional qualitative results and vi-884

sualizations.885
• Appendix G compares different CT Visual Encoder back-886

bones.887
• Appendix H discusses the MultiMatch simplification al-888

gorithm and analysis.889

A. Additional Dataset Details890

A.1. Gaze Data Splits891

Our dataset consists of 909 CT-gaze pairs, split into train-892
ing, validation, and test sets with a ratio of 70:10:20 respec-893
tively. This translates to:894
• Training set: 636 pairs895
• Validation set: 90 pairs896
• Test set: 183 pairs897

A.2. Radiological Finding Distribution898

CT-ScanGaze has a total of 9,332 findings with 60 unique899
finding names. The distribution of our dataset is shown in900
Fig. I.901

A.3. Number of CT Slices902

Fig. II shows the distribution of slice counts for all CT903
volumes. While all CT slices have a fixed resolution of904
512 × 512 pixels in the axial plane, the number of slices905

varies across volumes with a total number of slices is 906
131,618 and 186 slices per CT in average. 907

A.4. Recording Duration 908

In our dataset, we prioritize maintaining natural workflow 909
by allowing radiologists to read CT scans following their 910
standard clinical practice. Table I summarizes the duration 911
statistics of our video recordings.

Table I. Recording Duration Statistics.

Duration (minutes)
Total recording time 4722
Average session time 5.36
Minimum session time 1.27
Maximum session time 9.68

912

A.5. Additional Visualization of CT-ScanGaze 913

We visualize a CT volume with its eye tracking data from an 914
alternative point of view, showing all scanpaths across slices 915
in Fig. III and temporal navigation patterns in a line chart in 916
Fig. IV. To create Figs. III and IV, we select a CT volume 917
such that its fixation sequence has only 48 unique slices (48 918
unique z values) to maintain the simplicity of the visualiza- 919
tion. An animated video is provided, named vis gt.mp4. 920
The observed scanpath pattern demonstrates a natural pro- 921
gression from peripheral regions inward to areas of diag- 922
nostic significance. The timestamped report is: 923

[00:00.000 --> 00:29.960] there’s a left 924
upper chest pacemaker or ICD 925

[00:29.960 --> 00:40.240] with leads in the 926
right atrium right ventricle and a 927

pericardial lead along 928
[00:40.240 --> 00:43.240] the left 929

ventricle 930
[00:43.240 --> 00:57.960] there are no 931

enlarged axillary or supraclavicular 932
lymph nodes 933

[00:57.960 --> 01:19.320] mildly enlarged 934
paratracheal lymph nodes are present 935
there’s a mildly enlarged 936

[01:19.320 --> 01:28.320] large lymph node 937
in the anterior mediastinum the left 938
ventricle appears 939

[01:28.320 --> 01:34.680] mildly dilated 940
with fatty metaplasia in the left 941
ventricular apex and 942

[01:34.680 --> 01:43.320] interventricular 943
septum there’s no pericardial effusion 944
the great vessels 945
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Figure I. Extracted radiological finding histogram. The y-axis represents the findings. The x-axis represents the occurrence frequency
(number of samples). From SARLE [20], we extract a total of 9,332 findings with 60 unique finding names.
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Figure II. Number of slices histogram. The y-axis represents the
number of slices. The x-axis represents the occurrence frequency
(number of samples). CT-ScanGaze has 131,618 slices in total and
186 slices per CT volume in average.

[01:43.320 --> 01:49.920] are normal in946
diameter there’s mild aortic947
atherosclerotic calcification948

[01:49.920 --> 01:55.920] there is a stent949
in the LAD950

[02:01.720 --> 02:04.720] there’s no951
pleural effusion952

[02:04.720 --> 02:19.840] there is953
cholelithiasis a low density nodule is954
present in the left adrenal955

[02:19.840 --> 02:25.800] gland likely956
representing an adenoma there’s a957
calcified granuloma in the958

[02:25.800 --> 02:28.800] spleen959
[02:34.720 --> 02:37.720] there’s no960

pericardial effusion961

[02:37.720 --> 02:40.720] there’s no 962
pericardial effusion 963

[02:40.720 --> 03:06.200] a small right 964
pneumothorax is present 965

[03:10.720 --> 03:17.720] the trachea and 966
central airways are clear 967

[03:17.720 --> 03:31.720] a calcified 968
granuloma is present in the right upper 969
lobe 970

[03:31.720 --> 03:38.720] a small area of 971
ground glass opacity is present in the 972
right lower lobe 973

[03:38.720 --> 03:50.720] there’s a right 974
lower lobe nodule measuring 975
approximately 15 millimeters 976

[04:08.720 --> 04:24.440] impression number 977
one there’s a small right pneumothorax 978

number two a small 979
[04:24.440 --> 04:27.840] area of ground 980

glass opacity in the peripheral right 981
lower lobe is likely 982

[04:27.840 --> 04:37.440] infectious 983
inflammatory there may be a cavitary 984
component which could be the 985

[04:37.440 --> 04:43.240] cause of the 986
right pneumothorax number three there’s 987
a solid right lower lobe 988

[04:43.240 --> 04:47.960] nodule measuring 989
15 millimeters the differential includes 990
infection slash 991

[04:47.960 --> 04:50.960] inflammation and 992
malignancy 993

[04:54.360 --> 04:57.360] number four 994
[04:57.360 --> 05:00.360] mildly enlarged 995

lymph nodes in the mediastinum are 996
nonspecific 997

By removing the timestamps (e.g., 998
[00:00.000 --> 00:29.960]), we obtain a 999
free-text radiology report: There’s a left upper chest 1000
pacemaker or ICD with leads in the right atrium right 1001
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Figure III. Illustration of fixation sequence across sequential CT slices, following a left-to-right and top-to-bottom order. The fixation start
from 0 in the top left corner. The numbered annotations indicate the order of fixation points. In this figure, we observe the radiologist’s
systematic viewing pattern: first scanning through all slices before returning to central regions for detailed examination. This navigation
pattern is also demonstrated in Fig. IV. We suggest the readers to watch vis gt.mp4 to see the animated version of this figure.

Figure IV. Visualization of temporal navigation patterns from the
gaze data in Fig. III. The scanpath reveals that the radiologist fol-
lows a systematic approach: first traversing from start to end slices,
then returning to central regions for detailed examination.

ventricle and a pericardial lead along the left ventricle. 1002
There are no enlarged axillary or supraclavicular lymph 1003
nodes. Mildly enlarged paratracheal lymph nodes are 1004
present. There’s a mildly enlarged large lymph node in the 1005
anterior mediastinum. The left ventricle appears mildly di- 1006
lated, with fatty metaplasia in the left ventricular apex and 1007
interventricular septum. There’s no pericardial effusion 1008
the great vessels are normal in diameter there’s mild aortic 1009
atherosclerotic calcification. There is a stent in the LAD 1010
there’s no pleural effusion, there is cholelithiasis. A low 1011
density nodule is present in the left adrenal gland, likely 1012
representing an adenoma. There’s a calcified granuloma 1013
in the spleen. There’s no pericardial effusion. There’s 1014
no pericardial effusion. A small right pneumothorax is 1015
present. The trachea and central airways are clear. A 1016
calcified granuloma is present in the right upper lobe. A 1017
small area of ground glass opacity is present in the right 1018
lower lobe. There’s a right lower lobe nodule measuring 1019
approximately 15 millimeters. IMPRESSIONS. Number 1020
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one. There’s a small right pneumothorax. Number two.1021
A small area of ground glass opacity in the peripheral1022
right lower lobe is likely infectious inflammatory. There1023
may be a cavitary component, which could be the cause1024
of the right pneumothorax. Number three. There’s a1025
solid right lower lobe nodule measuring 15 millimeters,1026
the differential includes infection slash inflammation and1027
malignancy. Number four. Mildly enlarged lymph nodes in1028
the mediastinum are nonspecific.1029

Using CheXbert [60] to extract the 13 CheXpert find-1030
ings [33], we identify the following positive findings: ‘En-1031
larged Cardiomediastinum’, ‘Lung Lesion’, ‘Pleural Effu-1032
sion’, and ‘Support Devices’.1033

A.6. Example of CT-ScanGaze1034

We also provide one example of our data in1035
example_data.zip.1036
• ct_id9.nii.gz is the CT scan.1037
• finding_id9.csv is the finding annotations.1038
• fixation_id9.json is the original fixations (with-1039

out being simplified).1040
• recorded_video_id9.mp4 is the recorded video1041

session.1042
• report_id9.txt is the report created by speech to1043

text software.1044

B. Additional Visualization of Synthetic Data1045

Fig. V illustrates samples from our synthetic dataset, com-1046
prising temporal slice navigation patterns and fixation1047
heatmaps. Overall, the synthetic data exhibits similarities1048
with real eye movement for 3D, particularly in temporal1049
characteristics when transitioning slices along the depth di-1050
mension.1051

C. Additional Implementation Details1052

Due to GPU memory constraint, directly using a full CT1053
volume as input to extract complete feature maps and train1054
end-to-end is often not feasible. In our implementation, we1055
follow the common practice of sliding windows and merg-1056
ing windows. CT-Searcher uses Swin UNETR [29] encoder1057
with 96×96×96 input window. The output shape is reduced1058
to 3×3×3 with feature dimension C = 768. With a down-1059
sampling ratio r = 32, we merge all features into a single1060
feature map with shape (W ′, H ′, D′) = (W/r,H/r,D/r).1061
For technical convenience, we interpolate all feature maps1062
to a standardized size of 16 × 16 × 16 with C = 7681063
channels, ensuring uniformity across varying feature map1064
shapes. This standardization is reasonable since our CT1065
scans have fixed dimensions of 512 × 512 in height and1066
width (with only depth D varying), and the feature size of1067
16×16×16×768 keeps the model within our GPU memory1068
(48 GB VRAM).1069

D. 3D Scanpath Metrics 1070

Due to the complexity of 3D scanpath metrics, we describe 1071
them at a high level and point out the modifications from 2D 1072
to 3D. For detailed implementation, we encourage readers 1073
to examine the source code directly: 1074

• visual_attention_metrics.py: Contains im- 1075
plementations of: 1076
– Saliency metrics Linear Correlation Coefficient (CC), 1077

Normalized Scanpath Saliency (NSS), Kullback- 1078
Leibler divergence (KLDiv). 1079

– String-edit-distance (SED) metric. 1080
• scanmatch3d.py: Contains the 3D-adapted version 1081

of ScanMatch. 1082
• multimatch_3dgaze.py: Contains the 3D-adapted 1083

version of MultiMatch. 1084

D.1. Saliency Metrics 1085

All three saliency metrics, CC (Correlation Coeffi- 1086
cient), NSS (Normalized Scanpath Saliency), and KLDiv 1087
(Kullback-Leibler Divergence), are based on heatmaps and 1088
can be used directly without modification. The CC metric 1089
is defined as: 1090

Ŝ =
S − µS

σS
1091

Ĝ =
G− µG

σG
1092

CC(S,G) =

∑
i,j,k ŜijkĜijk√∑

i,j,k Ŝ
2
ijk

∑
i,j,k Ĝ

2
ijk

(11) 1093

where S ∈ [0, 1]H×W×D is the saliency map, G ∈ 1094
{0, 1}H×W×D is the ground truth fixation map, and µ and 1095
σ are mean and standard deviation. Given the fixation se- 1096
quence {(xl, yl, zl)}Nl=1, where N is the fixation length, the 1097
ground truth map is defined as: 1098

Gijk =

{
1 if (i, j, k) ∈ {(xl, yl, zl)}Nl=1

0 otherwise
(12) 1099

Higher CC scores indicate better matching between se- 1100
quences, with an upper bound of 1.0. 1101

The NSS metric is defined as: 1102

S̃ =

{
S

max(S) if max(S) ̸= 0

S otherwise

Ŝ =

{
S̃−µS̃

σS̃
if σS̃ ̸= 0

S̃ otherwise

NSS(Ŝ, F ) =
1

N

∑
i,j,k

ŜijkGijk

(13) 1103

16



ICCV
#4282

ICCV
#4282

ICCV 2025 Submission #4282. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Temporal Slice Navigation Fixation Heatmap

Figure V. Visualization of our synthetic training data. The Temporal Slice Navigation demonstrates the temporal transition of slice. The
Fixation Heatmap column displays representative CT slices with corresponding fixation heatmaps.

where Ŝ is the normalized saliency map. Higher NSS scores1104
indicate better matching between sequences, with an upper1105
bound that depends on the ground truth.1106

The KLDiv metric is defined as:1107

S̃ijk =
Sijk∑
i,j,k Sijk

G̃ijk =
Gijk∑
i,j,k Gijk

KLDiv(S,G) =
∑
i,j,k

G̃ijk log

(
ϵ+

G̃ijk

S̃ijk + ϵ

) (14)1108

where ϵ = 2.2204 × 10−16 is a small constant to prevent1109
divide-by-zero and log-zero. Lower KLDiv scores indicate1110
better matching between sequences, with a lower bound of1111
0.0.1112

D.2. String-edit-distance1113

String-edit-distance (SED) has two main steps:1114

1. Converts gaze sequences into strings:1115
a) Dividing the 3D volume into discrete cells. In the1116

original 2D version, this step divides the image into1117
patches.1118

b) Assigning unique characters to each cell.1119
c) Mapping fixation points to these characters in se-1120

quence.1121
2. Compares two sequences using Levenshtein distance by1122

counting minimum number of operations (insertions,1123
deletions, substitutions).1124

In our 3D adapted SED, we change the step 1.a from 2D 1125
into 3D, the other steps are left as is. Lower SED scores 1126
indicate better matching between sequences, with a lower 1127
bound of 0.0. 1128

D.3. ScanMatch 1129

Calculating ScanMatch (SM) score between predicted and 1130
ground truth fixations consists of 3 main steps: 1131
1. Convert fixation sequences into letter strings. This step 1132

is similar to the first step of SED. In addition, when con- 1133
sidering duration (ScanMatch w/ Dur.), each character 1134
is repeated n times, where n is the duration in millisec- 1135
onds. This repetition is not performed when duration is 1136
not considered (ScanMatch w/o Dur.). 1137

2. Create a substitution matrix with scores for all possible 1138
letter pairs. The original score function uses 2D Eu- 1139
clidean distance, which we extend to 3D Euclidean dis- 1140
tance. 1141

3. Sequence comparison: 1142
a) Create comparison matrix: 1143

• Columns: letters from first sequence 1144
• Rows: letters from second sequence 1145
• Cell values: costs from substitution matrix 1146

b) Apply Needleman-Wunsch algorithm to find optimal 1147
alignment path 1148

c) Calculate normalized similarity score (0-1 scale) 1149
We adapt to 3D by modifying both step 1 and the substi- 1150
tution matrix calculation at step 2, replacing 2D Euclidean 1151
distance with 3D Euclidean distance. Higher SM scores in- 1152
dicate better matching between sequences, with an upper 1153
bound of 1.0. 1154
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D.4. MultiMatch1155

Different from ScanMatch and SED, MultiMatch (MM)1156
measures scanpath similarity regarding shape, direction,1157
length, position, and duration. Higher MM scores indicate1158
better sequence matching, with an upper bound of 1.0 for all1159
aspects. Given the predicted fixations {(x̂l, ŷl, ẑl, t̂l)}Nl=11160
and ground truth fixations {(xl, yl, zl, tl)}Nl=1, we calculate1161
MultiMatch scores with 3 main steps:1162
1. Temporal alignment:1163

a) Calculate how similar each element i in one scanpath1164
is compared to each element j in the other scanpath1165
based on a similarity metric. Collect all pairs (i, j) to1166
create a similarity matrix M(i, j) between elements.1167

b) From M(i, j), build adjacency matrix A with con-1168
nection weights like a graph.1169

c) Find the shortest path from i to j using Dijkstra’s1170
algorithm.1171

d) Align scanpaths along shortest path.1172
2. For every align pair of fixation (i, j), we compute simi-1173

larity across five dimensions:1174
a) Vector (shape): shape difference between fixation1175

vectors (x̂i, ŷi, ẑi, t̂i)− (xj , yj , zj , tj).1176
b) Direction: difference in direction (angle) between1177

fixation vectors. We measure angles using spherical1178
coordinates in 3D, analogous to the original authors’1179
use of polar coordinates in 2D.1180

c) Length: difference in amplitude (length) between1181
fixation vectors

∣∣(x̂i, ŷi, ẑi, t̂i)− (xj , yj , zj , tj)
∣∣,1182

d) Position:: 3D Euclidean distance between fixations.1183
e) Duration:: difference in duration between fixations.1184

3. Score normalization:1185
a) Vector, Length, and Position scores are normalized1186

by volume diagonal.1187
b) Direction is normalized by π.1188
c) Duration is normalized by maximum duration.1189

E. 3D Scanpath Prediction Baselines1190

E.1. PathGAN1191

Similar to original PathGAN [4], our CT-adapted Path-1192
GAN architecture has two major components: a Dis-1193
criminator D and a Generator G. The Generator takes1194
a CT volume V as input and produces a fixation se-1195
quence G(V ) = {(x̂i, ŷi, ẑi, t̂i)}Ni=1. The Discrimina-1196
tor aims to assign low scores to N predicted fixations1197
(x̂i, ŷi, ẑi, t̂i)}Ni=1 and high scores to Ngt ground truth fixa-1198

tions gt = {(xi, yi, zi, ti)}
Ngt

i=1 , taking both the fixation se-1199
quence and CT volume features as input. The PathGAN1200
architecture is illustrated in Fig. VI. Note that we share1201
a frozen Swin UNETR module between G and D during1202
training while optimizing other modules.1203

For the loss functions, we maintain PathGAN’s default1204
implementation using two main components: conditional1205

Swin UNETR

LSTM & BatchNorm

FC

LSTM & BatchNorm

AveragePooling

FC

LSTM & BatchNorm

LSTM & BatchNorm

LSTM & BatchNorm

Sigmoid

Generator Discriminator

Concatenate

Figure VI. Our adapted version of PathGAN for CT scanpath pre-
diction maintains the core architecture while altering components:
the visual encoder module to Swin UNETR, Average Pooling to
3D, and predicted fixations (highlighted in blue).

GAN loss and L2 loss between ground truth and predicted 1206
fixations. Specifically, the conditional GAN loss is defined 1207
as: 1208

LcGAN = EV,gt[logD(V, gt)] + EV [log(1−D(V,G(V ))],

(15) 1209
The L2 loss is defined as: 1210

LL2 = EV,gt

[
∥gt−G(V )∥2

]
(16) 1211

The final formulation of the loss function for the generator 1212
during adversarial training is: 1213

L = LcGAN + αLL2 (17) 1214

Following the original PathGAN implementation, we set the 1215
hyperparameter α = 0.05. 1216

E.2. HAT 1217

The detailed adapted HAT [77] architecture is shown in 1218
Fig. VII. Similar to HAT’s FPN visual encoder [44] that 1219
generates features at both bottleneck and high-resolution 1220
levels, we extract features from two Swin UNETR layers: 1221
P1 ∈ RH/32×W/32×D/32×C from the bottleneck layer as 1222
low resolution feature and P4 ∈ RH/4×W/4×D/4×C4 from 1223
the 4th layer of Swin UNETR’s decoder as high resolution 1224
feature. We extend HAT’s original loss to handle 3D fixa- 1225
tion maps and use a single query as the class query. Note 1226
that Fig. VII shows one-step prediction because HAT pre- 1227
dicts fixations step by step, with the working memory being 1228
updated after each fixation heatmap prediction [77]. 1229
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Swin UNETR
Encoder - Decoder

...

Transformer Encoder

Working Memory

Query Transformer Decoder MLP Termination
Prediction

Fixation Heatmap

Scale Embedding
3D Positional Encoding
Temporal Embedding

Figure VII. Our adapted version of HAT for CT scanpath predic-
tion maintains most of the original architecture while modifying
key components: the Visual Encoder (Swin UNETR), 3D Position
Encoding, and prediction output (highlighted in blue). ⊗ is matrix
multiplication.

Then, given predicted fixation heatmaps Ŷ ∈1230
[0, 1]H×W×D and termination probabilities τ̂ ∈ [0, 1], we1231
compute the loss at each step i:1232

L =
1

N

N∑
i=1

Lfix

(
Ŷi, Yi

)
+ Lterm (τ̂i, τi) (18)1233

where Yi ∈ [0, 1]H×W×D represents the ground-truth 3D1234
fixation heatmap, τi ∈ {0, 1} is the termination label, and1235
N is the length of the fixation sequence. We generate Y1236
by applying a Gaussian kernel with sigma equal to 1 visual1237
angle to the ground-truth fixation map. The fixation loss1238
Lfix is a volumetric focal loss:1239

Lfix = −1
HWD

∑
i,j,k


(
1− Ŷijk

)α
log
(
Ŷijk

)
if Yijk = 1

(1− Yijk)
β
(
Ŷijk

)α
log
(
1− Ŷijk

)
otherwise

(19)1240
with α = 2 and β = 4. And the termination loss Lterm is a1241
binary cross entropy loss:1242

Lterm = −τ log (τ̂i)− (1− τ) log (1− τ̂i) (20)1243

E.3. Gazeformer1244

Our adapted version of Gazeformer for CT scanpath predic-1245
tion is illustrated in Fig. VIII. Besides adapting the architec-1246
ture to our task, we also extend the loss function to 3D. The1247
total loss function is defined as:1248

L = (Lxyzt + Lval) (21)1249

Transformer
Encoder

Transformer
Decoder

Swin
UNETR

3D Position Encoding

Free-viewing RoBERTa Visual-Specific
Joint Embedding

Fixation Queries
...

...

FC

FC

FC

FC

FC

FC

FC

FC

FC

Scanpath Prediction

and 

Figure VIII. Our adapted version of Gazeformer for CT scanpath
prediction maintains most of the original architecture while mod-
ifying three key components (highlighted in blue): replacing the
visual encoder with Swin UNETR, incorporating 3D Position En-
coding, and adding an extra prediction head for z-coordinate dis-
tribution in the Scanpath Prediction module. We use ‘freeview’ as
input for RoBERTa [45] and modify the Scanpath Prediction mod-
ule to predict three separate branches for x, y, and z coordinates.

where the coordinate regression loss is: 1250

Lxyzt =
1

Ngt

∑Ngt

i=1

(
|xi − x̂i|+ |yi − ŷi|+ |zi − ẑi|+

∣∣ti − t̂i
∣∣)
(22) 1251

and the validity prediction loss is: 1252

Lval = − 1

N

N∑
i=1

(v̂i log vi + (1− v̂i) log (1− vi)) (23) 1253

Here,
{(

x̂i, ŷi, ẑi, t̂i
)}N

i=1
represents the predicted scan- 1254

path and N is the maximum predicted scanpath length. 1255
Ngt denotes the length of the ground truth scanpath 1256

{(xi, yi, zi, ti)}
Ngt

i=1 . The binary scalar vi indicates whether 1257
the ith token in the ground truth fixation is a valid fixation 1258
or padding, while v̂i represents our model’s predicted prob- 1259
ability of token validity. 1260

E.4. GazeformerISP 1261

Our adapted version of GazeformerISP for CT scanpath 1262
prediction replaces the original encoder with Swin UNETR 1263
encoder’s bottleneck features, 3D Position Encoding, pre- 1264
diction output and extends the loss function to handle 3D 1265
fixation maps. The architecture is illustrated in Fig. IX. 1266
GazeformerISP predicts and computes loss on 3D fixation 1267
maps to represent 3D coordinates. The objective jointly op- 1268
timizes the fixation map Ŷi and duration t̂i: 1269

L = −
N∑
i=1

Yt log Ŷt +

N∑
t=1

∣∣ti − t̂i
∣∣ (24) 1270
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Figure IX. Our adapted version of GazeformerISP for CT scan-
path prediction maintains most of the original architecture while
modifying three key components (highlighted in blue): the input
features, 3D Position Encoding, and prediction output. Here, [.,.]
denotes the concatenation operator, and ‘3D PE’ represents 3D Po-
sitional Encoding. Similar to HAT’s freeview mode, we employ a
single query embedding to predict fixations autoregressively.

where N is the maximum length of fixations, Yt and ti rep-1271
resent the ground-truth fixation maps and fixation duration,1272
respectively. Finally, we train GazeformerISP with Self-1273
Critical Sequence Training (SCST) set up using ScanMatch1274
as reward, and the Consistency Divergence loss as origi-1275
nally described in [12, 13].1276

F. Additional Qualitative Results1277

Fig. X presents an additional comparison of the tempo-1278
ral slice navigation and fixation heatmaps across multiple1279
CT slices between CT-Searcher with state-of-the-art scan-1280
path prediction methods. CT-Searcher outperforms oth-1281
ers by capturing a balance between realism and variability,1282
avoiding excessive noise or oversimplification in the tempo-1283
ral slice navigation comparison. Additionally, CT-Searcher1284
achieves more visually faithful heatmaps compared to the1285
ground-truth, outperforming other approaches in detail and1286
accuracy. For baseline methods, we observe several limita-1287
tions. Some methods produce no heatmaps (N/A) in certain1288
positions, showing their inability to generate meaningful1289
outputs. Similar to PathGAN, Gazeformer covers limited1290
CT slices, indicating a constraint in handling 3D fixation1291
tasks. Both GazeformerISP and HAT can produce heatmaps1292
for most CT slices, however their temporal slice navigation1293
appears noisy and inconsistent, deviating from the ground-1294
truth pattern. In conclusion, our method outperforms other1295
approaches and mimics ground truth scanpath in both tem-1296
poral slice navigation and fixation heatmap generation.1297

G. Comparison of CT Backbone Architectures1298

Tab. II demonstrates the comparative performance of CT-1299
ViT and Swin UNETR backbones as CT-Searcher’s Vi-1300
sual Encoder across multiple scanpath similarity metrics:1301

Table II. Ablation: Comparison of backbone architectures across
scanpath metrics. Arrows (↑/↓) indicate whether higher or lower
scores are better. Bold values indicate the best performance.

Visual Encoder SM ↑ MM ↑ SED ↓ KLDiv↓
CT-ViT 0.1287 0.6934 193 3.665

Swin UNETR 0.1318 0.7002 174 3.645

Table III. Fixation count comparison between the original gaze
data and the simplified gaze data.

Version Original Simplified Reduction (%)
Number of Fixations 2,234,920 954,311 57.3%

Table IV. MultiMatch similarity scores between the original gaze
data and the simplified gaze data.

Dimension Vector Direction Length Position Average
Score 0.993 0.853 0.989 0.944 0.945

ScanMatch (SM), MultiMatch (MM), String-Edit Distance 1302
(SED), and Kullback-Leibler Divergence (KLDiv). We 1303
freeze both backbones during training. Tab. II shows 1304
that Swin UNETR outperforms CT-ViT across all metrics, 1305
achieving higher scores in pattern-based measures (SM: 1306
0.1318 vs. 0.1287, MM: 0.7002 vs. 0.6934) and lower val- 1307
ues in distance-based metrics (SED: 174 vs. 193, KLDiv: 1308
3.645 vs. 3.665). Based on the empirical results, we adopt 1309
Swin UNETR as our Visual Encoder. 1310

H. MultiMatch Simplification Analysis 1311

Due to the original gaze data containing scanpaths with nu- 1312
merous fixations that are dense and complex with sequences 1313
averaging 543 fixations and reaching up to 2,708 fixations 1314
per CT, we employ the simplification algorithm to make this 1315
data more manageable while preserving essential gaze pat- 1316
terns, from the MultiMatch toolbox [18] with default set- 1317
tings: an angular threshold of 45° and an amplitude thresh- 1318
old of 10% of the volume resolution diagonal. This reduces 1319
sequences to an average of 222 fixations with a maximum of 1320
1,507 fixations. Both original and simplified versions will 1321
be made available. 1322

To demonstrate the effectiveness of simplification, 1323
Figs. XI to XIII presents a comparative illustration between 1324
original and simplified scanpaths. While radiologists’ eye 1325
movements on a single CT slice generally focus on the im- 1326
age center, movement along the slice dimension exhibits 1327
more complexity. Fig. XI reveals continuous and intricate 1328
radiologist navigation through depth. Nevertheless, the MM 1329
simplification approach introduces only minor changes to 1330
the movement landscape while preserving the overall pat- 1331
tern. This consistency in pattern preservation is also evident 1332
along the x-axis (Fig. XII) and y-axis (Fig. XIII). In sum- 1333
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Figure X. Additional qualitative results between CT-Searcher and state-of-the-art scanpath prediction methods. N/A in a particular slice
position (column) means that the corresponding model (row) fails to predict scanpath for that slice, thus no heatmap can be created. The
heatmap images in the Fixation Heatmap column show the eye gaze fixation patterns across different CT slices. The left columns show
Temporal Slice Navigation patterns, illustrating how scanpath traverses through different slices over time.

mary, the line charts demonstrate that while significantly1334
reducing the number of points (Tab. III), the simplification1335
process maintains the essential scanpath characteristics, as1336
evidenced by minimal changes in MultiMatch similarity1337
scores across all spatial dimensions (Tab. IV).1338
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Figure XI. The effect of MM simplification algorithm on the z (slice) dimension.
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Figure XII. The effect of MM simplification algorithm on the x (width) dimension.
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Figure XIII. The effect of MM simplification algorithm on the y (height) dimension.

23


