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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. [xT1 , . . . ,x
T
nT
]: target data (annotated) insufficient.

å failing supervised learning

2. [xT1 , . . . ,x
T
nT
] ← [xS1, . . . ,x

S
nS
] : source data similar

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

Labels optimization
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Classification performance on simulated data, related by parameter α, s.t.
CT = αCS + (1 − α)CSb , 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).

Geographical classification
Classification between two target areas (Target 1 and Target 2) of a po-
larimetric SAR image of Bretigny provided by ONERA using source areas
(Source 1 and Source 2). p = 54, n = 2000 (1000 per class).

Left : Groundtruth. Right : LS-SVM Classification.

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

nV
− 12
 (g (x | x ∈ C) − E)

d→ N (0,1) , (1)

with E = γ ℓT Pcm + ∗ , (2)
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p
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where W
1 = p

−3 �ƒ ′′(τ)
�2
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,

t = [t1, . . . , tk]T , tC ¬ [tr(CC1), . . . , tr(CCk)]
T C◦ ¬

∑k
=1

n

n
C

and τ ¬ 2
p trC

◦ > 0, t ¬ p−1/2 tr(C − C◦),

P ¬ n − 1
n1n1

T
n, Pc ¬

1
n J

T P J = dig(c) − ccT .

Analysis and Improvement tracks
• LS-SVM Gaussian Approximation

å Probability error of classification, classification threshold

• Adaptability

– Centered data (e.g. radar, SAR) =⇒ ƒ ′(τ) = 0

å Error minimization (labels)

– Adaptation criteria on source data

∗ Noise (different value of SNR)
∗ Diversity (Multi-bands and Multi-looks)
∗ Spatial Similarity
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