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1 Introduction

In the main paper we addressed the unsupervised domain adaptation problem for visual
recognition when an auxiliary data view is available during training [1] as shown in Fig-
ure 1. Here we first address how to compute 7(7"; X*) and then add more experiments
to validate our approach. You may refer to [2] for more information.

2 Computing I(T; X*)

To compute I(T; X*), let t(i), *(j), and x(h) be histogram realizations for T', X*,
and X, where 4, j, and h index the histogram bins. The mutual information I (¢, z*)
is given by ZL ; p(i,7) log t(f)(;’f()j). By the low of total probability, p(i, j) is rewritten
as », p(i|j, h)p(h|j)x*(j), where p(i|j, h) = p(ilh) = A(i, h) because t(i) is com-
pletely defined by z(h). In addition, we call F(h,j) = p(h|j), from which it follows
that X = FX*, where F is also a stochastic matrix. Therefore, I(T'; X*) is given by

I(T;X*)=E [Zi,j A, ) F(, 7)X7(5) log W] W

3 Learning F

F is learned from training data. Specifically, let’s indicate with X = [x1,--- , 2] and
X* =[x}, ,2%] the training data points corresponding to the main and privileged
domains, then F' is learned by solving the following constrained optimization prob-
lem: ming Dg 7, (X||FX*) s.t. F is a stochastic matrix with normalized columns. We
compute F' with Algorithm 1, which is a projected gradient method [3] with Armijo’s
condition

Drr(X||FF" X*) = Drr(X||FFX*) < v(VeDgrn (X || FEX*), FF — FFy ()

where k is the iteration index. The computation of V D1, (X || F X*) is fairly simple,
and can be found as a special case in [4].
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MV and LUPI UDA UDA+LUPI

SVM SVM2k KCCA SVM+ LMK SA LMIBDA DA-M2S LMIBDAPI
Calculator {50.65 & 2.65(51.68 £ 2.65|52.68 & 3.69|56.69 4= 2.65|54.65 & 2.69|56.26 £ 2.16|58.14 £ 1.59|57.69 & 3.25/61.36 & 3.17
Cereal box |68.69 % 4.65(68.15 £ 2.16/66.39 £ 2.98/63.69 4 2.15/65.65 & 3.57|67.68 + 2.59|68.06 £ 2.21|70.69 + 3.25|73.89 & 2.15
Coffee mug|58.96 & 2.98|58.68 + 2.69|56.25 £ 2.15|59.69 & 3.69(59.15 4= 2.45|71.69 + 3.69|70.15 £ 2.14|73.69 £ 4.65|76.69 + 3.67
Keyboard |59.68 £ 5.24|58.12 + 4.65|57.64 £ 5.17|61.65 + 3.24|58.69 & 3.84|63.69 & 2.15|62.15 & 2.58|64.15 £ 3.25|67.65 £ 2.59
Flashlight |67.69 & 3.69(69.14 £ 2.69|69.56 & 3.36(72.69 4 2.15|72.64 4= 4.16|71.69 £ 1.71|73.15 £ 3.15|72.69 £ 1.25|76.69 + 3.15
Lightbulb |67.69 % 2.69(63.69 + 3.69|67.68 £ 2.58|67.69 & 3.15(68.69 4 1.69(65.69 + 2.26|66.15 + 2.45|65.69 £ 2.69|72.36 + 1.20
Mushroom |52.69 + 4.98|53.69 + 3.56|52.66 + 2.68|56.36 & 4.65|57.15 4 3.45|67.36 & 2.69|66.69 £ 2.78|71.69 + 4.69|69.45 £ 2.69
Ball 48.69 £ 3.69|47.25 & 2.68|46.54 4 3.47|54.65 £ 2.15|53.24 £ 2.15(62.69 £ 3.45(63.78 + 3.69(69.69 + 4.57|68.69 & 2.45
Sodacan |54.98 4 2.58|51.69 + 4.64|51.45 £ 3.15|53.12 4 2.15|51.68 4= 2.91|57.36 + 3.71|58.18 £ 3.56|58.15 £ 2.98|60.69 + 2.45
Tomato 55.69 &+ 2.15|52.63 4 2.65|54.65 & 3.87|52.58 £ 2.11|51.45 £ 2.14/62.69 + 2.48|65.97 + 3.48|67.69 + 2.78|75.15 £ 3.11
Average 58.54 5747 57.55 59.88 59.29 64.68 65.24 67.18 70.26

Table 1. RGB-D-Caltech256 dataset. Classification accuracies for one-vs-all binary classifica-
tions with Gaussian kernels. Main and auxiliary views are KDES features of the RGB and depth
of the RGB-D Object dataset [6]. KDES features from the Caltech256 dataset [7] represent the
target domain.
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Fig. 1. The figure shows the unsupervised domain adaptation problem for visual recognition when
an auxiliary data view is available during training. Our model uses labeled main and auxiliary data
views from source as well as unlabeled data view form target to compute a compression map A.
Mapping with A keeps information about objects as much as possible.

4 Supplementary tables

In this section we report results from the same experiments described in the main paper,
only with different kernels.

Object recognition. Table 1 provides the same experiment reported in Table 1 of the
main paper, with the exception that the linear kernel here is replaced by the Gaussian
kernel. Since SGF [5] is not affected by this change, it is excluded in this table. From
Table 1 we draw the same conclusions that were drawn in the main paper. Compared to
the SVM, the LUPI methods have better performances since they exploit the information

Algorithm 1 Projected gradient minimization for F'

1: Chose0 << 1,0<v < 1.
2: Initialize F1. Setp = 1.
3: for k=1,2,--- do

4 if p satisfies (2) then
g Repeatedly increase it by p <— p/m until either p does not satisfy (2) or F'(p/n) = F(p)
: else
7. Repeatedly decrease p by p <— p/n until p satisfies (2)
8:  endif
9 Set F**1 = max{0, F¥ — pVr Dy (X||FFX*)}
10: Normalize to 1 the columns of FF+1
11: end for
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UDA UDA+LUPI
SVM | SGF | LMK | SA |LMIBDA|DA-M2S|LMIBDAPI
17.94/18.22|18.36(/19.19| 26.15 30.74 33.66
Table 2. RGB-D-Caltech-256 dataset. Classification accuracies for the multi-class classification
with linear kernel. Main and auxiliary views are KDES features of the RGB and depth of the
RGB-D Object dataset [6]. KDES features from the Caltech-256 dataset [7] represent the target
domain.

LUPI UDA UDA+LUPI
SVM svM2k | KCCA | svM+ LMK | SA | LMIBDA DA-M2S [LMIBDAPI
64.89 + 1.11(65.23 + 1137‘63‘23 + 2.12‘66.39 + 1.23|63.45 + 1A61‘67A11 + 1A46‘67A29 + 1.54|67.89 + 1432‘71.23 +1.23

Table 3. EURECOM-LFW-a dataset. Classification accuracies for the male vs. female classi-
fication with linear kernel. Main and auxiliary views are Gradient-LBP features of the RGB and
depth of the EURECOM dataset [8]. Gradient-LBP features from the LFW-a dataset [9] represent
the target domain.

from the auxiliary view. In general, UDA methods work better than LUPI methods. As
expected, the last two columns that address domain shift while leveraging the auxiliary
view information have the best performances among all others.

Table 2 provides the classification accuracy for the same experiment reported in Ta-
ble 2 of the main paper, with the exception that the Gaussian kernel here is replaced by
the linear kernel. Table 2 shows again that UDA+LUPTI classifiers have the best perfor-
mance among others and that LMIBDA is an effective UDA approach.

Gender recognition. Table 3 provides the classification accuracy for the same experi-
ment reported in Table 4 of the main paper, with the exception that the Gaussian kernel
here is replaced by the linear kernel.
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