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Figure 1. The architecture of the proposed Gazemo model for the task of image classification.

This supplementary material provides additional details
on the ImageNet pre-training and classification experiments
(Sec. A), visualization of the saccade locations (Sec. B), a
detailed description of the model architecture (Sec. C), re-
sults of Gazemo with Batch Normalization layers (Sec. D),
and the structure of the Feed-Forward Network (Sec. E). It
also discusses the model’s limitations and potential future
directions (Sec. F).

A. ImageNet Pre-training

For ImageNet classification, Gazemo is initialized with
weights pre-trained on the ImageNet-1K dataset. As shown
in Fig. 1, the classification variant adopts a streamlined con-
figuration, employing an average pooling layer followed by
a linear projection to generate class scores from global rep-
resentations. The Aggregated Feature Unification (AFU)
decoder used in segmentation is omitted to maintain archi-
tectural simplicity and focus on feature discrimination. All
models are trained and evaluated on 224 × 224 input im-
ages. The quantitative classification results are reported in
the main paper.

B. Visualization of Selected Saccade Locations

To provide insight into the behavior of Saccade Convolu-
tional Transformer (SCT), we visualize the selected top-k
spatial locations on Cityscapes. As illustrated in Fig. 2,
the selected points frequently correspond to object interiors,
boundaries, and thin structures, supporting the interpretabil-

ity of Gazemo’s saliency-guided feature modeling.

C. Detailed Network Structure

The architectural configurations of the proposed Gazemo
variants—Tiny (T), Small (S), Base (B), and Large (L)—are
provided in Tab. 1, Tab. 2, Tab. 3, Tab. 4. Each variant
is designed to balance computational efficiency and rep-
resentational capacity under different resource constraints.
All models adopt a MobileNetV2 backbone for hierarchical
feature extraction, followed by the Saccade Convolutional
Transformer (SCT) modules that capture foveal–peripheral
interactions. The parameters N and H denote the number of
layers and attention heads in each SCT stage, respectively.
An input resolution of 512 × 512 is used for all configura-
tions.

D. Results with Batch Normalization Layers

This section presents the results of our proposed Gazemo
model incorporating Batch Normalization (BN) after ev-
ery layer except the final segmentation layer. Results on
ADE20K [33], Pascal Context [17], Cityscapes [4], and
COCO-Stuff [1], as well as generalization on ImageNet
classification [5], are shown in Tab. 5, Tab. 6, Tab. 7, Tab. 8,
and Tab. 9, respectively. Applying BN after almost every
layer does not yield better results than applying BN only
after convolutional layers. This can be attributed to the
fact that batch normalization, when applied repeatedly, can
over-normalize activations, diminishing their diversity and



Image Saccade Points Prediction + Saccade Points

Figure 2. Cityscapes visualization of SCT-selected saccade points and corresponding predictions.

Table 1. Backbone configuration of Gazemo-T for 512×512 input
resolution. SCT = Saccade Convolutional Transformer.

Layer Type Kernel Size Expand Ratio Output Channels Stride Output Resolution

Stage 1

Conv 3× 3 – 16 2
MobileNetV2 3× 3 1 16 1 256× 256

Stage 2

MobileNetV2 3× 3 4 16 2
MobileNetV2 3× 3 3 16 1 128× 128

Stage 3

MobileNetV2 5× 5 3 32 2
MobileNetV2 5× 5 3 32 1 64× 64

Stage 4

MobileNetV2 3× 3 3 64 2
MobileNetV2 3× 3 3 64 1 32× 32

Stage 5

MobileNetV2 5× 5 3 128 2
SCT Layer H=4, N=2 16× 16

Stage 6

MobileNetV2 3× 3 6 160 2
SCT Layer H=4, N=2 8× 8

Table 2. Backbone configuration of Gazemo-S for 512×512 input
resolution. SCT = Saccade Convolutional Transformer.

Layer Type Kernel Size Expand Ratio Output Channels Stride Output Resolution

Stage 1

Conv 3× 3 – 16 2
MobileNetV2 3× 3 1 16 1 256× 256

Stage 2

MobileNetV2 3× 3 4 24 2
MobileNetV2 3× 3 3 24 1 128× 128

Stage 3

MobileNetV2 5× 5 3 48 2
MobileNetV2 5× 5 3 48 1 64× 64

Stage 4

MobileNetV2 3× 3 3 96 2
MobileNetV2 3× 3 3 96 1 32× 32

Stage 5

MobileNetV2 5× 5 4 160 2
SCT Layer H=6, N=3 16× 16

Stage 6

MobileNetV2 3× 3 6 192 2
SCT Layer H=6, N=3 8× 8

expressive power. Additionally, the batch-dependent nature
of BN may not be as effective in hybrid architectures like
Gazemo, where convolutional and transformer layers inter-
act differently with normalization.

Table 3. Backbone configuration of Gazemo-B for 512×512 input
resolution. SCT = Saccade Convolutional Transformer.

Layer Type Kernel Size Expand Ratio Output Channels Stride Output Resolution

Stage 1

Conv 3× 3 – 16 2
MobileNetV2 3× 3 1 16 1 256× 256

Stage 2

MobileNetV2 3× 3 4 32 2
MobileNetV2 3× 3 3 32 1 128× 128

Stage 3

MobileNetV2 5× 5 3 64 2
MobileNetV2 5× 5 3 64 1 64× 64

Stage 4

MobileNetV2 3× 3 3 128 2
MobileNetV2 3× 3 3 128 1 32× 32

Stage 5

MobileNetV2 5× 5 4 192 2
SCT Layer H=8, N=4 16× 16

Stage 6

MobileNetV2 3× 3 6 256 2
SCT Layer H=8, N=4 8× 8

Table 4. Backbone configuration of Gazemo-L for 512×512 input
resolution. SCT = Saccade Convolutional Transformer.

Layer Type Kernel Size Expand Ratio Output Channels Stride Output Resolution

Stage 1

Conv 3× 3 – 32 2
MobileNetV2 3× 3 1 32 1 256× 256

Stage 2

MobileNetV2 3× 3 4 64 2
MobileNetV2 3× 3 4 64 1 128× 128

Stage 3

MobileNetV2 5× 5 4 128 2
MobileNetV2 5× 5 4 128 1 64× 64

Stage 4

MobileNetV2 3× 3 4 192 2
MobileNetV2 3× 3 4 192 1

SCT Layer H=8, N=3 32× 32

Stage 5

MobileNetV2 5× 5 4 256 2
SCT Layer H=8, N=4 16× 16

Stage 6

MobileNetV2 3× 3 6 320 2
SCT Layer H=8, N=4 8× 8

E. Details of Feed-Forward Network

In the Gazemo architecture, the Feed-Forward Network
(FFN) follows each Saccade Convolutional Transformer
(SCT) layer to refine the transformed features. The FFN
adopts a compact yet expressive design composed of a 1×1



Table 5. Results on ADE20K validation set [33]. Batch Normal-
ization layers are used after every layer. GFLOPs are reported
for input resolution of 512 × 512. ‘-’ denotes unreported results.
Single-scale inference is used for mIoU evaluation.

Models Encoder Year mIoU GFLOPs Parameters Latency(ms)

UPerNet [24] SwinTransformer-T [13] ICCV 2021 46.1 945.0 60.0M -
PVMamba [26] PVMamba-T [26] ICCV 2025 48.2 941.0 54.0M -
UPerNet [24] ConvNeXt-T [14] ICCV 2021 46.7 939.0 60.0M -
PSPNet [32] MobileNetV2 [21] CVPR 2018 29.6 52.2 13.7M 426
FCN-8s [15] MobileNetV2 [21] CVPR 2018 19.7 39.6 9.8M 406

Semantic FPN [11] ConvMLP-S [12] CVPR 2023 35.8 33.8 12.8M 311
DeepLabV3+ [3] EfficientNet [23] ICML 2019 36.2 26.9 17.1M 388
DeepLabV3+ [3] MobileNetV2 [21] ECCV 2018 38.1 25.8 15.4M 414

Lite-ASPP [3] ResNet18 [8] ECCV 2018 37.5 19.2 12.5M 259
PEM [2] STDC1 [2] CVPR 2024 39.6 16.0 17.0M -

DeepLabV3+ [3] ShuffleNetv2-1.5x [16] ECCV 2018 37.6 15.3 16.9M 384
HRNet-Small [30] HRNet-W18-Small [30] ECCV 2020 33.4 10.2 4.0M 256

SegFormer [25] MiT-B0 [25] NeurIPS 2021 37.4 8.4 3.8M 308
FeedFormer-B0 [22] MiT-B0 [25] AAAI 2023 39.2 7.8 4.5M -

SegMAN [7] SegMAN-T [7] CVPR 2025 43.0 6.2 6.4M -
U-MixFormer [28] MiT-B0 [25] WACV 2025 41.2 6.1 6.1M -
EDAFormer [29] EDAFormer-T [29] ECCV 2024 42.3 5.6 4.9M -

MegaSeg [10] MegaSeg-T [10] WACV 2024 42.4 5.5 4.7M -
OffSeg [31] OffSeg-T [31] ICCV2025 44.2 5.3 6.2M -

VWFormer [27] VWFormer-B0 [27] ICLR 2024 38.9 5.1 3.7M -
Lite-ASPP [3] MobileNetV2 [21] CVPR 2018 36.6 4.4 2.9M 94

CGRSeg-T [19] CGRSeg [19] ECCV 2024 43.6 4.0 9.4M -
R-ASPP [21] MobileNetV2 [21] CVPR 2018 32.0 2.8 2.2M 71

HR-NAS-B [6] Searched [6] CVPR 2021 34.9 2.2 3.9M -
LR-ASPP [9] MobileNetV3-Large [9] ICCV 2019 33.1 2.0 3.2M 51

HR-NAS-A [6] Searched [6] CVPR 2021 33.2 1.4 2.5M -
LR-ASPP [9] MobileNetV3-Large-reduce [9] ICCV 2019 32.3 1.3 1.6M 33
LeMoRe [18] LeMoRe [18] ICIP 2025 32.7 0.8 1.6M 24

Gazemo (Ours) Gazemo-T Ours 33.0 0.6 1.8M 14
Gazemo (Ours) Gazemo-S Ours 36.2 1.2 3.9M 17
Gazemo (Ours) Gazemo-B Ours 39.3 2.0 8.4M 21
Gazemo (Ours) Gazemo-L Ours 41.4 7.1 15.0M 23

Table 6. Results on PASCAL Context test set [17].

Methods Backbone mIoU59 mIoU60 GFLOPs

DeepLabV3+ [3] ENet-s16 [20] 43.07 39.19 23.00
DeepLabV3+ [3] MobileNetV2-s16 [21] 42.34 38.59 22.24

LR-ASPP [9] MobileNetV3-s16 [9] 38.02 35.05 2.04

Gazemo (Ours) Gazemo-T 39.64 34.95 0.50
Gazemo (Ours) Gazemo-S 42.32 38.26 0.99
Gazemo (Ours) Gazemo-B 44.37 39.87 1.71
Gazemo (Ours) Gazemo-L 48.77 44.30 6.25

Table 7. Results on Cityscapes validation set [4].

Methods Encoder mIoU GFLOPs

PSPNet [32] MobileNetV2 [21] 70.2 423.4
FCN [15] MobileNetV2 [21] 61.5 317.1

SegFormer [25] MiT-B0 [25] 71.9 17.7
L-ASPP [3] MobileNetV2 [21] 72.7 12.6

LR-ASPP [9] MobileNetV3-Large [9] 72.4 9.7
LR-ASPP [9] MobileNetV3-Small [9] 68.4 2.9

Gazemo (Ours) Gazemo-T 66.57 1.17
Gazemo (Ours) Gazemo-S 69.12 2.16
Gazemo (Ours) Gazemo-B 71.04 3.74
Gazemo (Ours) Gazemo-L 74.94 14.02

convolution for channel expansion, a 3 × 3 depthwise con-
volution for spatial adaptation, and another 1 × 1 convolu-
tion for projection. This structure enables localized feature
interaction while preserving computational efficiency. The
detailed layout of the FFN is illustrated in Fig. 3.

Table 8. Results on COCO-Stuff test set [1].

Methods Encoder mIoU GFLOPs

PSPNet [32] MobileNetV2-s8 [21] 30.14 52.94
DeepLabV3+ [3] EfficientNet-s16 [23] 31.45 27.10
DeepLabV3+ [3] MobileNetV2-s16 [21] 29.88 25.90

LR-ASPP [9] MobileNetV3-s16 [9] 25.16 2.37

Gazemo (Ours) Gazemo-T 26.82 0.64
Gazemo (Ours) Gazemo-S 29.78 1.16
Gazemo (Ours) Gazemo-B 32.51 1.97
Gazemo (Ours) Gazemo-L 35.00 7.13

Table 9. Image classification performance on the ImageNet-1K
benchmark, evaluated at an input resolution of 224×224. Params
and L denote the parameters and inference latency, respectively.

Methods Top-1 Acc.(%) GFLOPs Params L(ms)

Gazemo-T (Ours) 64.8 0.11 1.9M 7.8
Gazemo-S (Ours) 70.1 0.20 4.1M 10.6
Gazemo-B (Ours) 74.4 0.35 8.5M 13.4
Gazemo-L (Ours) 79.7 1.32 15.0M 15.1
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Figure 3. Feed-Forward Network architecture.

F. Limitations and Future Work
The proposed model demonstrates strong performance and
efficiency; however, several challenges remain. Like most
lightweight architectures, its performance still depends on
ImageNet-1K pre-training to achieve optimal accuracy, as
training from scratch can limit convergence and represen-
tation quality. Although the model has shown promising
generalization through image classification experiments, fu-
ture research will explore improving robustness across di-
verse datasets and deployment conditions. Additionally,
extending the framework toward dynamic multi-saccade
mechanisms and optimizing it for real-world, resource-
constrained applications remain key directions for advanc-
ing practical utility.
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