Robust Similarity Learning with Difference Alighment Regularization
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Similarity-based representation learning has shown impressive capabilities in
both supervised (e.g., metric learning) and unsupervised (e.g., contrastive
learning) scenarios. Existing approaches effectively constrained the
representation difference (i.e., the disagreement between the embeddings of
two instances) to fit the corresponding (pseudo) similarity supervision.
However, most of them can hardly restrict the variation of representation
difference, sometimes leading to overfitting results where the clusters are
disordered by drastically changed differences. We propose a novel difference
alignment reqgularization (DAR) to encourage all representation differences
between inter-class instances to be as close as possible, so that the learning
algorithm can produce consistent differences to distinguish data points from
each other. To this end, we construct a new cross-total-variation (CTV) norm
to measure the divergence among representation differences. Experiments
on multi-domain data demonstrate the superiority of DASL in both
supervised metric learning and unsupervised contrastive learning tasks.

Minimizing higher-order difference to pull in first-order difference
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The consistent/inconsistent differences (e.g., values and directions)
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Higher-Order Difference
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A CTV-Norm based Regularizer

min {F(p) = Lemp(w; ') + ARaign(; Z)} (the regularizer is independent of L)
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Theorem 1. The function || - ||cy : R"*H — RT is a strictly defined norm if and only if the measure
function G(-): R" — RT is a strictly defined norm.

Learning Framework and Training Curves
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Regularization

Distance Difference Bound

Theorem 2. Suppose that the instances x, T, z, and z are independently sampled from the same
distribution as the training set Z . Then, for any feature representation  learned from the objective
F (), we have that with probability at least 1 — 6,

do (2, &) — dy(2,2)] < EN) (|| — B2 + ||z — Z[|2) max{d, (¢, t)|t, T € a%”}\/[ln@/@)]/(ﬂ\(fg;

(0).
where £(\) = Lﬁ‘“’”’f’(‘i %) is\monotonically decreasing w.r.t. the regularization parameter \| and
the constant L > 0 is independent of ¢ and 2 .

Generalization Error Bound

Theorem 3. For any @ learned from the objective F () and any given constant § € (0, 1), we have
that with probability at least 1 — 0,

P

L(p) — L(p; 2)| < B(A\)w(n)log(1 + max{dy(t,B)|t.t € 27})y/[In(2/0)]/(2N),  (10)

where [3(\) = (C + 2/C)/X is monotonically decreasing w.rt. Xland w(n) = log (% + 1) is
monotonically decreasing w.r.t. n. Here the constant C' > 0 is independent of @ and 2 .
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Visualization and Ablation Study
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Experiments on Supervised Metric Learning

METHOD CAR-196 CUB-200 SOP

NMI R@] R@4 R@8 NMI R@l R@4 R@8 NMI R@l R@10 R@100
Npair(Sohn, 2016) 69.50 82.57 94.97 95.92 69.53 64.52 85.63 91.15 91.11 76.21 88.43 92.08
ProxyA.(Kim et al., 2020b) 75.72 87771 95.76 97.86 7231 69.72 87.01 9241 91.02 78.39 9048 96.16
JDR(Chu et al., 2020) 70.56 84.86 9456 97.21 70.32 69.44 87.01 91.33 9221 79.21 90.53 96.01
IBC(Seidenschwarz et al., 2021)  74.82 88.11 96.21 98.21 74.01 70.32 87.61 92.72 02.61 81.42 91.32 95.89
AVSL(Zhang et al., 2022) 75.86 91.51 97.02 9841 73.21 7191 88.11 93.21 91.21 79.61 9140 96.40
MetricF.(Yan et al., 2022) 76.23 91.76 96.31 97.21 7541 7442 85.75 92.53 92.71 8223 92.62 96.33
ContextS.(Liao et al., 2023) 76.32 91.80 97.14 9841 7401 7191 88.82 93.42 92.61 82.63 92.56 96.74
DASL-NP (ours) 75.961 86.341 97.561 98.871 73.521 69.631 89.621 93.611 92.851 79.211 93.211 97.861
DASL-PA (ours) 77.32+ 92.311 97.82+ 98.901 76.501 73.961 90.541 94.21+ 93.86+ 83.321 93.861 97.95+

Experiments on Self-Supervised Contrastive Learning

METHOD ImageNet-100 ImageNet-1K 4Arch.
100 epochs 400 epochs 300 epochs 800 epochs
k-NN Top-1 Top-5 k-NN Top-1 Top-5 k-NN Top-1 Top-5 k-NN Top-1 Top-5
SIMCLR(Chen et al., 2020) 559 613 786 706 752 92.1 642 674 879 66.1 693 896 Res.50
BYOL(Grill et al., 2020) 563 655 718 692 732 90.1 66.9 712 905 672 732 91.5 Res.50
CMC(Tian et al., 2020a) 577 602 792 71.6 73.6 92.1 632 682 872 672 712 899 Res.50

PCL(Li et al., 2021) 559 60.2 772 715 76.1 93.2 59.5 665 86.7 622 705 90.5 Res.50
SwAV (Caron et al., 2020) 582 61.0 794 721 758 929 654 73.1 912 657 753 91.5 Res.50
HCL(Robinson et al., 2021) 559 608 793 702 746 923 642 712 912 672 717 90.7 Res.50
MetAug(Li et al., 2022) 59.2 61.1 794 698 756 93.2 654 742 91.1 678 76.0 929  Res.50
DASL (cluster-free) 60.5 652 798 735 76. 93.9 683 7277 919 68.2 767 929 Res.50
DASL (cluster-used) 615 673 801 742 715 945 69.1 748 924 691 766 932 Res.50
BYOL(Grill et al., 2020) 572 628 779 721 769 0938 66.6 714 912 682 742 928 VIT-B/16
SwAV (Caron et al., 2020) 60.1 625 805 742 718 94.2 647 71.8 91.1 692 756 91.8 ViT-B/16
DINO(Caron et al., 2021) 615 675 818 782 792 955 723 76.1 924 76.2 782 942 ViT-B/16
iBOT(Zhou et al., 2022b) 615 682 822 775 785 952 715 750 919 752 76.0 92.6 ViT-B/16
PQCL(Zhang et al., 2023) 623 66.7 825 785 795 948 708 765 919 783 769 93.0 ViT-B/16
DASL (cluster-free) 625 69.5 8I.1 784 80.1 96.1 715 778 927 762 792 945 ViT-B/16
DASL (cluster-used) 634 697 828 793 823 968 729 768 935 779 799 963 ViT-B/16
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