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Motivation
Learn a kernel (nonlinear) distance metric (KML) that reflects the seman-
tic similarity between images:

Limitations of existing KML algorithms:
G Limited to binary constraints, and unable to exploit soft constraints;
G High computational cost due to the PSD constraint;
G Data overfitting due to the flexibility of nonlinear kernel function.

Proposed RKML Algorithm

+ Effectively incorporate soft constraints in KML;
+ Exploit the regression technique to avoid projection to PSD cone;
+ Reduce data overfitting by regularizing the rank of learned metric;
+ Apply Nyström method to improve computational efficiency;
+ Provide the theoretical guarantee for KML for the first time.

Notation
● {(x1,y1),⋯, (xn, yn)}: training set, where xi ∈ Rd and yi ∈ {0, 1}m;
● T ∶ Hκ ↦ Hκ: a linear operator in kernel space;
● A ∈ Rn×n: PSD kernel metric learned from training data;
● K = [κ(xi,xj)]n×n: the kernel matrix;
● S = [si,j]n×n: Pairwise semantic similarities;
● Kb ∈ Rn×ns,Ks = [κ(x̂i, x̂j)]ns×ns, with ns random samples.

Regression based Kernel Metric Learning
Learn a linear operator T in functional space from the training examples

T̂ = arg min
T⪰0

∑ni,j=1
1
2 (si,j − ⟨κ(xi, ⋅), T [κ(xj, ⋅)]⟩Hκ)

2
.

Simplify using T̂ [f](⋅) = ∑ni,j=1κ(xi, ⋅)Ai,jf(xj) due to the representer
theorem of kernel learning [1],

min
A⪰0
L(A) = 1
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+ Rank regularization: A =K−1
r SK−1
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+ PSD guarantee: When S is PSD, so is A.
+ Nyström approximation [2]: K̃r =Kb[Ks

r]−1[Kb]⊺;
+ Sim(xa,xb) = ⟨κ(xa, ⋅), T̂ [κ(xb, ⋅)]⟩ = ∑ni,j=1κ(xa,xi)κ(xb,xj)Ai,j.

Theoretical Guarantee of RKML
Define

T∗ = arg min
T ′

E(xa,xb,ya,yb) [(y⊺
ayb − ⟨κ(xa, ⋅), T ′[κ(xb, ⋅)]⟩Hκ)

2]

Let T∗(r) be the best r-rank approximation of T∗. Then, with overwhelm-
ing probability

∥T̂ − T∗(r)∥2 ≤ O ( 1√
n(λr − λr+1)

)

When the eigengap λr − λr+1 is sufficiently large, the approximation error
is reduced at rate of 1/√n.
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Annotation Examples Generated by RKML and Baselines

Datasets

Effects of Nonlinear ML and Soft Constraints

Comparison with State-of-the-art Baselines
+ Effectiveness

+ Efficiency


