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Abstract
• Analysis, Interpretation and Improvement of transfer learning [1] with Random Matrix Theory [2–4]

• Application to environmental monitoring : label optimization and performance guarantees

Transfer learning framework [1]

1. [xT
1
, . . . ,xTnT ]: target data (annotated) insufficient.

å failing supervised learning

2. [xT
1
, . . . ,xTnT ] ← [x

S
1
, . . . ,xSnS] : source data similar

3. new learning set: [x1, . . . , . . . xn], n = nS + nT

Labels optimisation
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Figure 1: Classification performance on simulated data, related by parameter α,
s.t. CS = αCT + (1 − α)CTb , for various label strategies; p = 512, nS1 = nS2 = 508,
nT1 = nT2 = 4, polynomial kernel ƒ .

Avoid negative transfer. Optimal label benefit from sources.

Model
• Gaussian mixture [x1, . . . , . . . ,xn] in 4 classes
CS1 , CT1 , CS2 , CT2

x ∈ C ←→ x ∼ N(0,C) ,C ∈ Rp×p

for  ∈ {S1, T1, T2, S2}, n = |C|, c = n/n.

• High dimension hypotheses: n, p→∞, p/n <∞

• Non trivial classification: ‖C‖ = O(1) and tr(Cb−C) = O(
p
p).

Importance of source similarity
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Figure 2: Classification between two homogeneous target zones in POLSAR data
(Brétigny) with N (0, σ2)-noisy sources; nT = 32, p = 216, polynomial kernel ƒ .

Large Dimensional Asymptotic
Theorem 1 (Gaussian Approximation). Let x ∈ C,  ∈ {T1, T2} and
g(x) LS-SVM decision function. Then,

nV
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d→ N (0,1) , (1)
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Analysis and Improvement tracks
• LS-SVM Gaussian Approximation

å Error probability, classification threshold

• Adaptability

– Data centered =⇒ ƒ ′(τ) = 0

å Error Optimisation (labels)

– Adaptation criteria on source data

∗ Noise

∗ Diversity

∗ Similarity
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