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Problem Statement 

Learning discriminative features to represent images

where the test image classes are totally different from the

training classes.
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Challenges

• Discriminative: In the embedded feature space, image features with the same semantic labels should be
aggregated into compact clusters in the high-dimensional feature space while those from different
classes should be well separated from each other.

• Generalizable: The learned features should be able to generalize well from the training images to test
images of new classes which have not been seen before.

• It has important applications in image recognition, person re-identification, image segmentation, tracking,
etc.

Important Applications
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Key Idea : Coded Residual Transform

Framework
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Key Idea : Coded Residual Transform

Coded Residual Feature Transform
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Key Idea : Coded Residual Transform

Framework
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Key Idea : Coded Residual Transform

Cross-CRT Correlation Consistency
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Datasets

• CUB-200-2011, Cars-196, Stanford Online Product (SOP), In-Shop Closes Retrieval (In-Shop) datasets:
They are benchmark datasets of deep metric learning in image retrieval scenario.

• CUB-200-2011 consists of 11,788 images from 200 bird categories. We use the first 100 classes (5,864
images) for training and the remaining 100 classes (5,924 images) for testing.

• Cars-196 contains 16,185 images of 196 cars classes. We use the first 98 classes (8,054 images) for
training and the remaining 98 classes (8,131 images) for testing.

• SOP consists of 120,053 images with 22,634 classes crawled from Ebay. we split the first 11,318
classes with 59,551 images for training, and the remaining 11,316 classes with 60,502 images for
retrieval.

• In-Shop consists of 52,712 images with 7,986 clothing classes. We use the predefined 25,882 training
images of 3,997 classes for training. The remaining 3985 classes are partitioned into a query set
(14,218 images) and a gallery set (12,612 images).

Experimental Results
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Experimental Results

Performance Metric

• Recall@K, embedding space density (ESD), spectral decay (SD).

The embedding space density metric is defined as the ratio between the average of intra-class 
distance and the average of inter-class distance.

The spectral decay metric is defined to be the KL-divergence between the spectrum of d singular 
values (obtained from Singular Value Decomposition, SVD) and a d-dimensional uniform distribution
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Comparison of retrieval performance on the CUB and Cars datasets.

Experimental Results
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Comparison of retrieval performance on the SOP and In-Shop datasets.

Experimental Results
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Comparisons of Recall@K (%) on the CUB, Cars, SOP and In-Shop datasets for
different backbone networks.

Experimental Results



Central South University                                | 

Beijing Jiaotong Univeristy |  S. Kan, Y. Liang, M. Li, Y. Cen, J. Wang, and Z. He, Coded Residual Transform for Generalizable Deep Metric Learning

Southern University of Science and Technology  |

Ablation Studies

The Recall@K (%) for different component on the
CUB dataset.

The Recall@K (%) with (w) and without (w/o) using
multi-perspective CRT feature transformation.

The Recall@K (%) for different number
of projection prototypes in the first
embedding branch.
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Ablation Studies

The Recall@K (%) for different number of
projection prototypes in the second
embedding branch.

The Recall@K (%) with (w) and
without (w/o) shared weights
between these two embedding
branches.
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Ablation Studies

Parameters count and FLOPs at resolution 227×227.

Experimental results on the CUB and Cars datasets for different MiT backbone networks.

Experimental results on the SOP and In-Shop datasets for different MiT backbone networks.
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Ablation Studies

The Recall@K (%) for different batch sizes.

The Recall@K (%) for different dimensions of embedding.
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Key Idea : Coded Residual Transform

Correlation Heat Maps

Correlation heat maps between a learned set of prototypes (corresponding to 8 prototypes) and feature maps of

two images. We can see that different prototypes response to different local or global views. The red dots on the

top right corner indicates the background prototype.
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Key Idea : Coded Residual Transform

Correlations Between Prototypes Generalization Capability Analysis

The embedding space density (  ) 
on the experimental datasets. 

The spectral decay (  ) on the experimental 
datasets. 
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Visualization examples

The t-SNE visualizations of high-dimensional embeddings and low-dimensional
embeddings on the CUB dataset.
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Visualization examples

The t-SNE visualizations of high-dimensional embeddings and low-dimensional
embeddings on the Cars dataset.
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Visualization examples

The t-SNE visualizations of high-dimensional embeddings and low-dimensional
embeddings on the SOP dataset.
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Visualization examples

The t-SNE visualizations of high-dimensional embeddings and low-dimensional
embeddings on the In-Shop dataset.



Central South University                                | 

Beijing Jiaotong Univeristy |  S. Kan, Y. Liang, M. Li, Y. Cen, J. Wang, and Z. He, Coded Residual Transform for Generalizable Deep Metric Learning

Southern University of Science and Technology  |

• We have developed a coded residual transform for generalizable deep metric learning, which consists of a
multi-perspective projection and coded residual transform encoder and a cross-CRT correlation consistency
constraint.

• It represents and encodes the feature map from a set of complimentary perspectives based on projections
onto diversified prototypes.

• Unlike existing transformer-based feature representation approaches which encode the original values of
features based on global correlation analysis, the proposed coded residual transform encodes the relative
differences between original features and their projected prototypes.

• One limitation is that the memory and compute usage will be increased during training for these two
embedding branches, and we shared weights between them to solve this problem in our experiments.

• Another limitation is that the projection prototypes were learned from the training set. It is unclear whether
it is the best projection prototypes for new test classes.

Conclusion
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