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Motivation

Open-set domain adaptation proposed by Saito et. al.

I Domain shift is a fundamental problem in visual recognition when the
training and test samples follow different distributions.

I Existing techniques aim to align the source (i.e., training) and target
(i.e., test) distributions by learning domain-invariant embeddings.

I Most existing methods are designed for the closed-set scenario, where
the source and target data depict the same set of classes.

I (Busto et. al., ICCV17) and (Saito et. al.,ECCV’18) constitute the
only attempts to address open-set domain adaptation (ODA), where
the target data contains extra classes not present in source data.

FRODA: Factorized Representations for ODA

IFRODA formulation: Let Xs ∈ RD×ns be the ns source samples
grouped in a matrix, and X t ∈ RD×nt be the nt target samples.

I Let V ∈ RD×d be the matrix encoding the shared subspace, with
d� D, and U ∈ RD×d the one representing the private subspace.

IB = [V ,U ] ∈ RD×2d, and T and S encode the low-dimensional
representations of the target and source data, respectively.

I We encourage each target sample to be generated by either the shared
subspace V , or the private one U . Our optimization problem is:

min
U ,T ,V ,S

‖X t −BT ‖2
F + α‖Xs − V S‖2

F + λ1

nt∑
i=1

(‖T v
i‖ + ‖T u

i ‖)

s.t.
d∑
j=1

‖U j‖2 ≤ 1,
d∑
j=1

‖V j‖2 ≤ 1 , (1)

I We split the coefficient vector T i for target sample i into a part T v
i

corresponding to the shared subspace and a part T u
i corresponding to

the private one, encouraging either of these two parts to go to zero.

Optimization of FRODA

IB-minimization: Given the coefficients S and T , we update the tuple
(U ,V ) by solving the following subproblems efficiently using the
Lagrange dual formulation of (Lee et al.,2007).

min
U
‖A−UT u‖2

F s.t.

d∑
j=1

‖U j‖2 ≤ 1 ,

min
V
‖A′ − V T v‖2

F + α‖Xs − V S‖2
F s.t.

d∑
j=1

‖V j‖2 ≤ 1 ,

with A = X t − V T v, and A′ = X t −UT u.
IT -minimization: Minimizing (1) with respect to T yields

min
T
‖X t −BT ‖2

F + λ1

nt∑
i=1

(‖T v
i‖ + ‖T u

i ‖) ,

which can be solved efficiently via the proximal gradient method.
IS-minimization: Solving (1) with respect to S reduces to a linear

least-squares problem with a closed-form solution.

D-FRODA

I Let L = [l1 . . . lns] ∈ RC×ns be the matrix containing the source
labels, where li ∈ RC is the one-hot encoding of the label of sample i.
Using source labels in the learning stage, we have:

min
U ,T ,V ,S,W

‖X t −BT ‖2
F + α‖Xs − V S‖2

F + β‖L−WS‖2
F

+ λ1

nt∑
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d∑
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d∑
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‖V j‖2 ≤ 1 ,

where W ∈ RC×d is the matrix containing the parameters of a linear
classifier for the source data.

Initialization and Inference

I Initialization. We initialize V as the PCA subspace of the source
data, and take U as its truncated null space.

I We first apply PCA to the concatenated source and target data.

I Inference. Given a threshold ε, a target sample is assigned to the
unknown classes if ‖T v

i‖/‖T u
i ‖ ≤ ε, suggesting it can be

well-reconstructed by the private subspace.

I In the presence of C known classes, we then train a (C + 1)-way
classifier by augmenting the d-dimensional source data S, with the
target samples T u identified as unknown.

Experiments: Open-Set Visual DA

I Implementation Details
I We used AlexNet 4096-dimensional DeCAF7 features.

I To determine the dimensionality d of our shared and private
subspaces, we make use of the subspace disagreement measure.

Iα = 0.1, β = 0.01, λ1 = 0.001, λ2 = 0.001 and ε = 0.2.

IRecognition accuracies on the 6 source/target pairs of the BCIS
dataset (40 object categories, first 10 classes as known shared
instances, and classes of 26, 27, · · · , 40 as unknown samples in target
domain). B: Bing, C: Caltech256, I: ImageNet, S: SUN.

Method B→ C B→ I B→ S C→ B C→ I C→ S
TCA 62.8± 3.8 56.6± 4.5 29.6± 4.2 38.9± 1.9 60.2± 1.4 29.7± 1.6
GFK 66.2± 4.0 58.3± 3.1 23.8± 2.0 40.2± 1.8 62.2± 1.5 28.5± 1.0
SA 66.0± 3.4 57.8± 3.2 24.3± 2.6 40.3± 1.7 62.5± 0.8 29.0± 1.5
CORAL 68.8± 3.3 60.9± 2.6 27.2± 3.9 40.7± 1.5 64.0± 2.6 31.4± 0.8
ATI 71.4± 2.3 69.0± 2.8 37.4± 2.6 45.7± 3.0 67.9± 4.2 37.5± 2.7
AODA 76.2± 1.7 70.9± 3.2 57.3± 1.1 63.5± 2.1 73.5± 0.8 60.5± 0.8
FRODA 73.8± 6.1 71.0± 2.0 54.7± 2.9 67.5± 1.4 74.5± 1.7 61.6± 2.2
D-FRODA 74.6± 5.5 71.4± 2.0 55.4± 2.7 67.6± 1.2 75.0± 1.8 61.7± 2.1

IRecognition accuracies on the 6 source/target pairs of the Office
dataset (31 object categories, first 10 classes as known shared
instances, and classes of 21, 22, · · · , 31 as unknown samples in target
domain). A: Amazon, W: Webcam, D: DSLR.

Method A→ D A→W W→ A W→ D D→ A D→W Avg.
DAN 77.6 72.5 60.8 98.3 57 88.4 75.8
RTN 76.6 73 62.4 98.8 57.2 89 76.2
BP 78.3 75.9 64 98.7 57.6 89.8 77.4
ADDA 52.5 58.3 54.1 89.1 45.3 79.1 63.1
DSN 58.3 57.2 55.1 79.3 58.1 70.2 63.0
ATI 79.8 78.4 76.7 98.8 71.3 94.4 83.2
AODA 76.6 74.9 81.2 96.9 62.3 94.6 81.1
FRODA 88.0 78.7 76.5 98.0 73.7 94.6 84.9
D-FRODA 87.4 78.1 77.1 98.5 73.6 94.4 84.9

IRobustness to hyper-parameters: Average accuracy of
D-FRODA-NN (k = 3) over all 6 pairs of the Office dataset as a
function of the value of α, β, and λ1.

IRuntime ≈ 2.5 sec: One iteration of our approach takes about 0.05
seconds, and our algorithm takes around 50 iterations to converge.


