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Global Dependency Guided Feature Reconstruction for
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(1. School of Software, Liaoning Technical University, Huludao, Liaoning 125105, China;
2. Key Laboratory of Optoelectronic Information Control and Security Technology, Tianjin 300308, China)

Abstract: To address the inadequacy of modelling long-range dependencies in convolutional neural networks for im-
age classification tasks, this paper proposes the global dependency guided feature reconstruction for image classification
(GDFRNet). GDFRNet constructs a synergistic dual-path architecture through the design of a novel feature reconstruction
module (FRM) and a feature optimization branch, achieving both long-range dependency modelling and fine-grained fea-
ture enhancement. The FRM introduces parallel horizontal and vertical global mean pooling to compress features across two
spatial dimensions. This extracts context vectors with global vision, remapping them into a two-dimensional feature space to
establish long-range feature dependencies spanning the entire image. Concurrently, operations such as transposed convolu-
tions reconstruct the feature space, suppressing irrelevant background noise while reinforcing coherent semantic representa-
tions of the target subject. The feature optimization branch refines and fuses detail information through the fine-grained fea-
ture capture module (FGCM) and feature optimization module (FOM), reducing the loss of detail information during the net-
work abstraction process. FGCM employs Gaussian-Laplacian convolution to focus on capturing easily lost fine details

within images. The FOM performs adaptive fusion and optimization of the global semantic feature map provided by the
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FRM and the rich detail features extracted by the FGCM within a high-resolution feature pool. These two pathways estab-
lish a complementary “global contour-local detail” working mechanism, the global semantic map provided by the FRM
guides detail enhancement, ensuring that detail reinforcement does not deviate from the overall semantic context; simultane-
ously, the rich underlying details refined by the feature optimization branch provide essential fine-grained feedback and
task-relevant guidance for FRM’s feature reconstruction process, establishing a virtuous optimization cycle. This comple-
mentary mechanism enables the network to ultimately fuse reconstructed semantic information with enhanced local detail,
generating more discriminative image representations. This holistically strengthens the model’s understanding of overall im-
age structure and significantly enhances the discriminative power of the feature space. Comparative experiments between
the proposed model and state-of-the-art (SOTA) models were conducted across five benchmark datasets: CIFAR-10, CI-
FAR-100, SVHN, Imagenette and Imagewoof. GDFRNet demonstrated outstanding performance across all datasets. Com-
pared with other advanced methods, GDFRNet achieved average improvements in classification accuracy of 2.39%, 3.73%,
2.35%, 3.33%, and 2.92% on the five datasets mentioned above, demonstrating the effectiveness and advancement of
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GDFRNet.
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Table 1  Parameters of the dataset used in the experiment

B TR B ZOi | ARG | UIZREE | AR
CIFAR-10 60 000 10 32x32 50000 | 10000
CIFAR-100 60 000 100 32x32 50000 | 10000
SVHN 600 000 10 32x32 73257 | 26032
GTSRB 51839 43 32x32 39209 | 12630
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Table 2 Parameters used in training and model comparison experiments
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Table 3 Five transposed convolution methods for FRM

SR kernel_size stride padding
1 2 2 0
2 4 2 1
3 6 2 2
4 8 2 3
5 10 2 4
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Figure 9 Impact of T_Conv size on model performance
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Figure 10 Impact of transposed convolution and bilinear mapping on model performance in FRM
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Figure 11 Four combination methods for FRM embedding locations
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Table 4 Experimental results for different FRM embedding positions

unit: %
S IT%E | CIFAR-10 | CIFAR-100 | SHVN | Tmagenette | Imagewoof
A 96.45 79.01 97.39 | 8828 76.66
B 96.17 79.17 | 97.49 | 85.66 74.83
C 96.88 80.57 | 97.69 | 90.59 82.23
D 96.50 80.02 | 97.26 | 89.10 82.34
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Table 5 Impact of different FGCM combination methods unit: % Table 6  Impact of detail branch levels on GDFRNet performance — unit: %
SR TT%E | CIFAR-100 GTSRB Imagenette Imagewoof UES CIFAR-100 SVHN Imagenette Imagewoof
A 80.57 94.89 90.59 82.23 A 80.28 97.54 88.88 82.16
B 79.95 95.47 90.90 83.95 B 80.27 97.41 88.94 82.17
(0 80.09 95.30 91.38 82.83 C 80.57 97.69 90.59 82.23
D 80.02 96.09 90.14 81.95 D 79.04 97.63 90.34 82.34
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Figure 13 Four schemes for the feature optimisation branch of GDFRNet
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Table 7 Comparative experimental results unit: %
SOTA CIFAR-10 CIFAR-100 SVHN Imagenette Imagewoof
ResNet-34 89.60 63.29 96.21 87.54 79.04
CAPR-DenseNet 94.24 78.84 94.95 87.72 77.91
ChostNet 94.92 77.15 93.86 87.83 78.22
EfficientNet 94.01 75.96 93.32 88.01 77.93
Muti-ResNet 94.56 78.68 94.58 87.69 81.21
WideResNet-28-10 95.83 79.50 95.21 88.34 78.71
SCAM-Net 96.28 80.40 97.25 — —
Couplformer 93.54 73.92 94.26 87.91 77.89
FAVOR+ 91.42 72.56 93.21 88.16 77.57
MMA-CCT-7/3x2 94.74 77.50 94.29 — —
QKFormer 96.18 80.26 97.13 88.32 81.65
TA-DFKD 95.46 78.42 96.83 87.62 80.57
SpaceshipeNet 95.39 77.41 — 80.59 —
ATONet 94.51 78.54 95.21 86.67 80.19
SSLLNet 95.51 79.23 96.91 87.93 80.89
MSMDFormer 95.65 77.46 96.87 — —
GDFRNet 96.88 80.57 97.69 90.59 82.23
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Table 8 Comparison of parameter quantities and computational complexity
(Rl GDFRNet(ours) | ResNet-34 | Multi-ResNet | SSLLNet | TA-DFKD | EfficientNet | WideResNet-28-10 | QKFormer
BRI ZHM 56.45 21.28 51.23 31.57 40.97 52.98 36.48 6.74
AN /G 2.56 1.16 3.13 2.08 1.85 1.49 5.25 6.09
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Figure 14  Confusion matrices for ResNet-34 and GDFRNet across three datasets
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Figure 15 Comparison of ROC curves for ResNet-34 and GDFRNet across three datasets
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Table 9 GDFRNet ablation experiment results unit: %
B | CIFAR-10 | CIFAR-100 | SVHN | Imagenetie | Imagewoof
netl 89.6 63.29 96.21 54 004
net2 96.46 78.14 97.10
net3 96.58 80.28 97.54 88.88 82.16
netd 96.56 79.01 97.39 89.19 82.06
nets 96.88 80.57 97.69 90.59 82.23
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Figure 16  Classification accuracy of various networks across five datasets
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