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In this supplementary document, we present 1) details of
the predictor combination process for the given reference
evaluations aligned with the target (Eq. 18 of the main paper;
Sec. 1); 2) the complete results of our experiments (Sec. 2);
and 3) examples of image translation via cycle-consistent
translation networks (Zhu et al., 2017) as a potential alter-
native to our chart map learning approach (Sec. 3). Some
content from the main paper has been reproduced to make
this document self-contained.

1. Predictor combination process given
aligned references

Suppose that we are given a sample set X/ =
{x{ yee ,x{v} and the evaluation of the initial target pre-
dictor f7 on X/: f1 = [fI(x]),..., f1(xL)]T. Using
the chart maps {¢/"} , (Sec. 2.2.1 of the main pa-
per), we can construct the corresponding reference eval-
uations aligned with the target: G = {g"}2 , with g" =
o7 (@) ), g (@D T T

Our algorithm improves f! by applying an iterative averag-
ing process: Given the solution f* at time ¢, the new solution
f+1 is obtained by maximizing

Af) = £7 + M Quf (1)

for a positive definite matrix Q¢ and a hyperparameter .
Adopting the framework of Kim et al. (Kim et al., 2020),
we define Q¢ such that f T Q;f becomes the accuracy of
predicting f based on Gaussian process (GP) regression
using G = [g!, ..., g% as the input data matrix (Kim et al.,
2020).

First, we build a kernel matrix H of references G:
H] i = ha (G, G y) 2)
where h¢ is an anisotropic Gaussian kernel
ha(p,p') =exp (—(p—p) ' Z(p-p)), @)
G;,,) denotes the i-th row of G, and X is a diagonal matrix
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of positive entries optimized by maximizing the regularized
marginal likelihood p(f|G, ) (Eq. 20 of the main paper).

Now, the Gaussian process regression function m(-)! that
estimates f based on G is obtained as follows (Rasmussen
& Williams, 2006)

N
m(-) =Y _lalnha(Gy, ), )
n=1
where the coefficient vector a can be calculated as
a= (H+ \°1)"'f, (5)

with a regularization hyperparameter A" (or equivalently,
the noise variance).

Using this model, the prediction accuracy of m(-) on f,
normalized by the variance of the f entries is calculated as:

~ mean squared error(m(G), f)

GP
=1
O (m) variance(f) ’
Sl m(Gy )
S (£ = S [£1:/N)?
_,_ fTE  fTOH(H £ APD) '
T fTef fTCf ’
FT(H+ \SPD~THH(H + A1)~ f
fTCf ’

withC=1- 11" and1=[1,...,1]".

The final objective (Eq. 18 of the main paper) is obtained by
rewriting O as a function of f, explicitly centering f (i.e.
replacing f with Cf), and replacing f T Qsf in O (Eq. 1)
with the resulting objective OCF (Eq. 1):
~ fTCACF
f)=—rong—. 6

where

A =fI(f")T 4+ )8,

S =2H(H + \°FI)~!

— (H+ 2PT)"'HH(H + \°P1) .

The maximizer of O is the first eigenvector (the eigenvector
corresponding to the largest eigenvalue) of A € RV*N For

"More precisely, the mean of the predictive distribution under
i.i.d. Gaussian noise.
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large-scale problems (N > 0), calculating this eigenvector
would be infeasible. A computationally efficient approxima-
tion is obtained by using a finite-rank approximation he of
hg similarly to Eq. 15 in the main paper:

he(p,p') = hyHyphy,
hp = [hG(pa b1)7 ey hG(I’» b300)]T7
[HBB]m,n = hG(bma bn)7 (7)

where the basis set B = {by,...,bspo} is constructed
by linearly sampling 300 rows from all rows of G. The
resulting approximation of H is given as

H ~ HepHppHEp ®)

with HgB = [hG[Tl,: .. .,hG[TN,:]} and G[iy:] is the ¢-th

] )
row of G. Now, replacing H with H in Eq. 6 we obtain
A~YY', where

Y = [Cft, VAHgpT?| € RV*301
T =2P - PH/.z;HoP
P = (H{pHgp + AHpp) . 9)

The square-root T2 of T can be obtained by performing the
Cholesky decomposition of T'. Finally, the (approximate)
first eigenvector of A can be calculated as Ye with e being
the first eigenvector of Y 'Y € R301%301,

2. Complete ranking results

In the main paper, we compared our PC algorithm with three
alternative design choices that use different chart map learn-
ing strategies: Id (identity maps), IT (image translation), and
MMD (MMD only). Here, we also compare with a paramet-
ric adaptation (Param) of Kim et al.’s PC algorithm (Kim
et al., 2020) and (Mejjati et al., 2018)’s non-parametric
multi-task learning (MTL) algorithm.

Our Param adaptation uses rank support vector machines
for all predictors (Chapelle & Keerthi, 2010; Parikh & Grau-
man, 2011): The target and reference predictors are repre-
sented based on the corresponding parameters:

flx) = x ' w,

g (x) = x'w'forl <r<R.

This algorithm improves the parameter w of the initial pre-
dictor f by replacing f and {g"}f* | with w and {w"}* |,
respectively in Egs. 1 and 6, and maximizing the resulting
objective O. The interpretation of this algorithm is similar
to that of the original nonparametric version (Kim et al.,
2020): The reference g" is considered relevant when its pa-
rameter w’ makes a significant contribution to predicting
the target predictor parameter w/. We evaluated this model
only on AWA2, CUB, PubFig (ResNet), Shoes (ResNet),
OSR (ResNet) as it requires that all predictors are defined
on the same input space: X = X = X7, Still, in this case,

the corresponding probability distributions differ from each
other.

MTL (Mejjati et al., 2018) does not require access to the
forms of individual predictors and therefore, it can be di-
rectly applied to the PC problems: For each target f, we
performed joint MTL on f and the references {g; } 1 ;. Sim-
ilarly to (Kim et al., 2020) as a nonparametric algorithm,
MTL relies on a common dataset X on which all predictors
are evaluated: We aligned the evaluations of all predictors
using our MMD and HSIC-based data alignment scheme.

Tables 2-6 show the complete results. The results of sta-
tistical significance tests are summarized in Table 1. All
four nonparametric PC algorithms (Id, IT, MMD, Ours)
frequently achieved significant performance gain over the
initial predictors f, confirming the utility and possibility of
predictor combination across heterogeneous task categories.
Apart from one dataset (AWA2) where Id ranked second
best (after our final algorithm; Ours), IT and MMD outper-
formed Id demonstrating that when the target and reference
domains are significantly different, aligning the target data
with the distributions of references can help extract useful
evaluations from the references.

As demonstrated in the main paper (Fig. 1), using only
the MMD can fail to preserve the local structure of the
original target data. By explicitly addressing this with the
additional HSIC regularizer, Ours showed further signifi-
cant improvements. While in principle, image translation
has the capability of matching images across different do-
mains (e.g. matching aerial photographs to maps (Zhu et al.,
2017)), we observed that training such translation networks
is challenging when the two domains differ substantially as
in our PC scenario (example translation results are shown
in Sec. 3). As a result, IT recorded only a comparable level
of performance to MMD. Further, our preliminary exper-
iments suggested that the /T training process is prone to
mode collapse, making the transfer networks generate iden-
tical images, requiring human intervention, e.g. to restart
with a new initialization and to stop before mode collapse
starts. The parametric adaptation of (Kim et al., 2020)’s PC
algorithm Param did not show any noticeable improvement
over f! demonstrating that adapting PC algorithms to hetero-
geneous tasks is not straightforward. MTL achieved better
performance improvement than Param but all PC algorithms
demonstrated more significant improvements.

Overall, Ours statistically significantly improved £/, Param,
MTL, Id, IT, and MMD for 71.84%, 70.75%, 74.71%,
60.54%, 62.59%, and 55.75% of the total target attributes,
respectively as shown in Table 1. Importantly, Ours did not
significantly degraded performance in any of the total 174
target attributes.
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Table 1. Results of statistical significance tests of different PC methods compared to the initial predictors £ (vs. £7) and our method
(Ours vs.). For (vs. £), we show # attributes where the respective algorithms are statistically significantly better (first column) or worse
(second column) than £7. For (Ours vs.), # attributes where Ours is better or worse than the corresponding algorithms are shown.

vs. 1

H QOurs vs.

Dataset ‘ ‘ # targets
|  Param |  MIL | id | T | MMD | Ows | Pwram | MIL | 1d | IT | MMD |

AWA2 | 2 6] 9 0] 29 21 10 20 17 1| 55 0| 56 0] 6 0| 41 0] 53 0| 48 0] 80
CUB | o 2] 3 o] 4 2] 0 | 4 1] 23 of 24 o] 20 0| 24 0] 22 0| 20 0] 40
PubFig (ResNet) | 0 0| 1 I 2 0| 5 0] 5 0] 9 0 9 0] 9 0] 8 0| 7 0] 5 0| 11
PubFig [ Z S . Il NA | NA |0 Il 9 0o NA | 9 0| NA | NA | 8 0] 11
Shoes (ResNet) | 0 0| 2 0| 1 0| 8 0| 6 0| 9 0 9 0 9 0| 10 0] 5 0| 4 0| 10
Shoes | ~NA ] 2 of NA | NA | 3 o 8 of w~mA | 9 0| NA | NA | T 0] 10
OSR (ResNet) | 0 2 I o] 3 o] s o] 6 21 6 0] 6 0] 6 0| 6 0] 5 0] 3 0] 6
OSR (I Z . 1 0| NA | NA | 4 o 6 of ~mA | 6 O NA | NA | 2 0] 6
Total (%) | .36 6.80 | 1149 1.15] 2653 272 | 19.05 340 | 2586 1287|7184 0 7075 0] 7471 06054 0]6259 05575 0] 174
3. Image translation examples References

Image translation methods (e.g. cycle-consistent transla-
tion networks (Zhu et al., 2017); IT) provide a powerful
mechanism to capture characteristics of image datasets and
transfer such characteristics across different domains. These
methods are especially effective in recovering underlying
connections between different image collections, e.g. in con-
verting an aerial photograph to a map, or a photograph of
a place taken in summer and to the corresponding winter
photograph (Fig. 1).

However, when such inherent connections do not exist, /7
can establish spurious connections as exemplified in Fig. 2:
The classes of objects appearing in AWA2 and CUB differ
significantly and in this case, IT characterized and trans-
ferred these images mainly based on their local brightness
and texture. Similar results are also observed in the cases of
transferring between CUB and OSR, and AWA2 and OSR:
Here, one domain (OSR) does not have any foreground ob-
ject while the other domains AWA2 and CUB contain specific
foreground objects (animals and birds, respectively). The im-
ages in Shoes have distinct foreground objects on white back-
grounds, and /T identified white color of the background as
distinct characteristics: Translating OSR and AWA2 images
to Shoes selectively replaced pixels of source images with
white pixels. On the other hand, mapping Shoes to other
domains tended to keep the foreground shoes while filling
in the backgrounds with certain texture patterns matching
the respective target domains.

To summarize, we observed that when the source and tar-
get domains differ substantially, /7 tends to find and focus
on spurious image characteristics. While we do not claim
that this is a fundamental limitation of image translation
approaches, we take our findings as an indication that ap-
plying these techniques to predictor combination across
heterogeneous task categories is not straightforward.
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Table 2. Accuracy of different PC and MTL algorithms on AWA2 (first 50 attributes): 1) a parametric adaptation of (Kim et al., 2020)’s
algorithm (Param), 2) (Mejjati et al., 2018)’s non-parametric multi-task learning algorithm that uses our data alignment method (MTL),
and 3-6) PC algorithms that use identity chart maps (Id), image translation networks (IT'), MMD, and a combination of MMD and HSIC
(Ours), respectively. For the initial predictors £/, 100xKendall’s 7 coefficients are shown, while for the PC algorithms, the accuracy
increases from f7 are presented. The numbers in parentheses show standard deviations. For each target attribute, the best and second
best results are highlighted in boldface and with underline, respectively. The results of statistical significance tests of each PC method
compared to f7 are presented in three categories: significantly better, significantly worse, and insignificantly different.

Target ! Param MTL Id IT MMD Ours
1 76.99 (3.04)  0.20(1.32) 0.15(034) 1.77(1.60) 0.59(1.19)  1.80(1.29)  5.30 (2.01)
2 84.95(291) 0.20(0.77) 0.05(0.33) 0.73 (2.16) 0.48(1.10) 0.11(1.46) 1.82(1.91)
3 98.33(0.85) -0.03(0.33)  0.03 (0.06) -0.08 (0.28) -0.18(0.28)  0.00(0.23) -0.03 (0.54)
4 86.19(2.87) -0.83(0.71) 0.10(0.36)  1.35(1.33) 0.12(0.84) 0.19(2.73)  3.20 (1.46)
5 87.19(3.01) -0.14(0.99) -0.07(0.29) 0.75(1.24) 0.32(1.00) 1.00(0.93)  2.42(1.62)
6 97.80 (1.28) -0.04 (0.35) -0.04(0.09) -0.12(0.17) -0.14(0.19) -0.16(0.29)  0.15(0.71)
7 98.23 (1.27)  0.01(0.32) -0.02(0.03) -0.03(0.27) -0.23(0.82) -0.09(0.19)  0.09 (0.53)
8 82.02(2.85) -0.85(1.30) 0.25(0.40) 0.79(1.64) 0.44(0.94) 0.68 (1.06) 3.54 (1.49)
9 78.82(3.94) 0.67(1.57) 0.04(0.42) 1.18(1.66) -0.22(1.09) -0.23(2.94) 2.26 (2.20)
10 98.82(0.60) -0.14 (0.44)  0.00 (0.04) -0.08 (0.20) -0.34 (0.46) -0.79 (0.90)  0.06 (0.37)
11 96.38 (1.22)  0.24(0.50)  0.13(0.35) 0.28 (0.40) -0.12(0.43) 0.22(0.45)  0.71 (0.86)
12 93.92(2.03) 0.06(0.53) 0.03(0.10) 0.20(0.34) -0.05(0.55) 0.03(0.65)  0.86 (0.41)
13 94.22 (1.80) -0.06(0.48) 0.13(0.24) 0.33(0.75) 0.35(041) 0.05(0.43) 0.47 (1.59)
14 94.45 (1.51) -0.31(0.37) -0.03(0.25) 0.17(0.49) -0.34(0.75) 0.39(0.51)  0.91(0.92)
15 93.83 (1.45) -0.24(0.73) 0.16(0.22) 046 (0.34) -0.16(0.38) 0.33(0.34)  0.95(1.24)
16 85.50 (1.60) -0.43(1.21) 0.20(0.20)  1.48 (1.06)  0.02(1.00) 0.29(1.27)  2.88 (1.43)
17 86.82(2.20) 0.07 (0.83) 0.21(0.46) 0.97 (0.84)  0.40(0.52)  1.08 (0.89)  1.84 (2.15)
18 98.98 (0.52)  0.11(0.19)  0.03 (0.06) -0.05(0.26) -0.02(0.12) -0.02(0.33)  0.11 (0.48)
19 99.49 (0.48)  0.01 (0.05) -0.01(0.04) -0.00(0.05) -0.04(0.07) -0.64(1.74) -0.07(0.34)

20 97.74 (0.73) -0.02(0.28)  0.07 (0.35)  0.12(0.42) -0.02(0.32) 0.17 (0.53) 0.13(0.99)
21 92.97 (1.80) -0.54(0.71)  0.21(0.25)  0.25(0.58) 0.29(0.56) 0.12(1.02)  1.54(0.80)
22 96.36 (1.24) -0.06 (0.26)  0.12(0.20)  0.46 (0.46) -0.11(0.67) 0.33(0.51) 0.59 (1.11)
23 91.35(2.38)  0.02(0.41) 0.05(0.26) 0.73(0.84) -0.15(0.96) -0.03(1.79) 1.48 (1.55)
24 93.87 (1.55) -0.14(0.52) 0.16(0.35) -0.40(0.46) -0.65(1.15) 0.41(0.89) 1.10 (1.29)
25 86.73 (3.68) -0.12(0.93) 0.43(0.93) 1.04(1.17) 0.52(0.77) -0.49(1.91) 0.87 (1.25)
26 80.87(3.71)  0.15(0.68) -0.43(1.43) 1.61(1.58) 0.85(0.81) 0.35(1.31) 3.89 (1.61)
27 90.46 (1.91) -0.18(0.77)  0.07 (0.37)  1.27(0.92)  0.34(0.71) -0.25(1.06)  1.60 (0.95)
28 89.60 (3.77)  0.21(0.29) -0.05(0.13)  0.65(0.72)  0.32(0.90)  1.20 (0.66)  3.33 (1.45)
29 95.24 (1.20) -0.14(0.99) -0.00(0.17) -0.09 (0.51)  0.07 (0.21) -0.50(1.21)  0.34 (0.80)
30 95.68 (1.44) -0.05(0.36) 0.04(0.17) -0.15(0.54) -0.15(0.37) 0.27 (0.40) 0.23 (0.80)
31 93.98 (1.72) -0.14(0.44) 0.16(0.24)  0.60 (0.42)  0.09(0.77)  0.12(0.63)  1.08 (0.88)
32 96.19 (1.38)  -0.15(0.40) -0.00 (0.20)  0.08 (0.34) -0.03(0.22) 0.02(0.63)  0.04 (0.51)
33 82.69 (347) 0.82(0.88) 0.40(0.68) 1.85(2.06) 0.58(1.83) 0.89(1.82) 3.96 (1.70)
34 98.88 (0.68) -0.24 (0.41)  0.02(0.13) -0.01(0.34)  0.06 (0.24) -0.09 (0.64) -0.06 (0.62)
35 98.72(0.39)  0.11(0.07) -0.02(0.14)  0.00 (0.24) -0.04 (0.18) -0.04 (0.24)  0.05 (0.26)
36 97.04 (0.89) -0.19(0.48) 0.03 (0.06) -0.05(0.15) -0.08(0.17)  0.08 (0.21) -0.07 (0.26)
37 97.10(0.73) -0.01(0.35) 0.04(0.14) -0.03(0.28) -0.26(0.64) -0.44(0.86)  0.21 (0.57)
38 94.92 (1.28) -0.05(0.15) -0.01(0.12)  0.17(0.34)  0.05(0.37)  0.01(0.27)  0.72(0.44)
39 87.19 (247) -0.13(0.49) 0.25(0.26) 136 (1.74)  0.93(0.60)  2.17(0.87)  3.44 (1.26)
40 93.86 (2.58) -0.13(0.31) 0.06 (0.27)  0.25(0.43) -0.00(0.54) -0.08(0.90) 1.23(1.07)
41 92.27 (1.57) -0.13(0.36)  0.02(0.15) 0.12(0.49) -0.12(0.38) -0.14(0.65)  0.29 (0.88)
42 84.52 (4.06) -0.19(1.00) 0.12(0.36)  0.96 (0.98)  0.54(0.78) -0.31(1.86) 0.87 (2.19)
43 95.56 (1.35) -0.28 (0.87) -0.07 (0.42)  0.06 (0.50) -0.06(0.39) 0.36 (0.60)  0.87 (0.76)
44 98.54 (0.56) -0.04 (0.24)  0.01 (0.09) -0.14(0.21) -0.12(0.22) -0.59 (1.45)  0.05 (0.31)
45 89.79 (2.22) -0.35(0.76)  0.10(0.19)  1.06(0.58) 0.38(0.97) 1.52(1.04)  2.43(1.83)
46 82.61 (3.51) -0.38(1.16) 0.06(0.26) 2.12(1.69) 0.70(1.11)  2.99 (1.70)  5.40 (1.75)
47 85.90(3.20) 0.53(1.00) 0.09 (0.21) 0.30(1.01) 0.05(0.58) 0.90(0.82)  2.76 (1.96)
48 89.68 (2.79) -0.31(0.45) 0.64(1.19) 0.17(1.21) 0.17(0.66)  0.89 (1.33)  2.30 (2.36)
49 87.24 (2.13) -0.02(0.46) 0.08 (0.19) 0.77 (1.15)  0.21(0.75)  0.01 (2.50)  2.68 (1.94)
50 93.94(2.22) 0.08(0.62) 0.05(0.18) 0.36(0.83) 0.07 (0.87) 0.27 (0.50)  0.99 (0.89)
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Table 3. Accuracy of different PC and MTL algorithms on AWA2 (last 30 attributes): 1) a parametric adaptation of (Kim et al., 2020)’s
algorithm (Param), 2) (Mejjati et al., 2018)’s non-parametric multi-task learning algorithm that uses our data alignment method (MTL),
and 3-6) PC algorithms that use identity chart maps (Id), image translation networks (IT"), MMD, and a combination of MMD and HSIC
(Ours), respectively. For the initial predictors £/, 100x Kendall’s 7 coefficients are shown, while for the PC algorithms, the accuracy
increases from f7 are presented. The numbers in parentheses show standard deviations. For each target attribute, the best and second
best results are highlighted in boldface and with underline, respectively. The results of statistical significance tests of each PC method
compared to f7 are presented in three categories: significantly better, significantly worse, and insignificantly different.
Target ! Param MTL 1d T MMD Ours

51 89.51(271) 024 (048) 031(0.33) 091(1.15) 0.78(0.87) 0.27(0.99)  1.00 (1.06)
52 93.10(248) -0.12(0.63) 0.10(0.33) 0.59(0.37) 0.29(0.38)  0.78 (0.99)  1.26 (1.36)
53 9347(1.59) -0.18(0.91) -0.01(0.09) -0.08(0.30) -0.30(0.63) -0.26(0.54) -0.01 (0.48)
54 89.05(244) -0.11(0.84) 0.06(0.14) 1.16(0.92) 0.18 (0.77)  0.71 (2.08)  2.90 (1.66)
55 94.14(2.52) 0.14(0.84) 0.00(0.06) 0.74(0.72)  0.32(0.52) 0.19(0.74)  0.81 (0.75)
56 87.93(3.19) -0.09(047) 0.15(0.35) 1.58 (1.06) 0.78 (0.65) 0.84(1.16)  2.50 (1.28)
57 9121(1.96) -043(0.67) 0.13(022) -0.20(0.71) -0.20(0.73) -0.59 (1.40)  1.00 (0.53)
58 95.04(1.60) 0.16(024) 0.13(0.19) -0.10(1.13) -0.10(0.66)  0.25(0.30)  0.70 (0.96)
59 92.79(2.01) -0.35(0.79) 0.02(0.24) 0.25(0.44) -0.23(0.67) 0.26(0.54)  0.56 (0.66)
60 9079 (1.81) -0.59(0.40) 0.05(0.20) 0.31(0.81) 0.41(0.72) 0.18 (0.22)  1.38(1.16)
61  90.73(3.36) -023(0.74) -0.04(0.18) 0.24(043) -0.22(0.59) 0.05(0.55) 1.19(1.13)
62 97.71(1.31) -0.01(0.40) 0.04(0.14) -0.07(0.19) -0.20(0.42) -0.42(0.78)  0.09 (0.38)
63 91.90(223) -1.04(0.77) 0.12(0.15) 0.51(0.68) 0.10(0.76) 0.36(1.19) 2.21 (1.13)
64 9049 (2.17) 0.30(0.83) 0.13(043) 0.66(0.79) -0.39 (0.67) -0.61 (2.18)  1.43(1.30)
65  90.03(1.87) -0.44(0.93) 0.04(0.23) 1.09(0.89) 0.12(0.64) 0.64 (1.04) 0.74 (1.59)
66 91.75(2.00) -0.06(031) 0.07(0.20) 0.38(1.29) 0.03(0.83) 0.54(0.90) 1.98 (1.21)
67  94.03(1.74) -0.34(0.52) 0.05(0.07) 0.05(0.66) -0.02(0.50) 0.14(0.52) 0.56(0.73)
68  88.67(2.04) -1.10(2.55) 0.09(0.33) 0.74(0.71) -0.14(0.82) 1.01(0.01) 2.67 (0.76)
69  99.00(0.62) 0.02(0.11) 0.05(0.11) 0.06(0.25) 0.03(0.13) -0.83(2.46) 0.13 (0.35)
70 97.20(0.86) 0.11 (0.27) 0.17(0.24) -0.16 (0.41) -0.08 (0.16)  0.22(0.38)  0.38 (0.39)
71 98.59(0.69) 0.08(0.13) -0.10(0.17) -0.07 (0.29) -0.08 (0.32) -0.43(0.83) -0.02(0.26)
72 9642(1.75) -0.13(0.53) 0.06(0.13) 0.06 (0.28) 0.10(0.24) -0.29 (0.75)  0.53 (0.57)
73 91.56(2.12)  0.03 (0.42) -0.11(0.27) 0.01(0.47) -0.07 (0.44) -0.42(0.98) 0.80 (0.75)
74 80.77(296) 0.03(0.67) 041(121) 1.67(224) 091(1.07) 0.54(1.89)  3.46 (2.73)
75 8126 (1.97) -0.07(0.62) 043 (0.43) 2.39(0.82) 1.19(0.87) 0.13(1.53) 2.21(1.30)
76 81.83(324) 028 (0.50) -0.12(0.67) 031(1.98) -0.02(0.78) 0.86(1.21) 3.07 (2.11)
77 85.51(4.92) -0.32(0.52) 0.28(0.54) 0.70(1.15) 0.40(0.86) 0.67(1.67) 2.32(1.46)
78 83.53(457)  0.16(1.25) 0.10(0.51) 045 (1.03) 0.09(1.55)  0.56(1.30)  2.40 (1.90)
79 87.50(2.96) -0.05(1.09) 0.08(0.17) 0.42(1.09) 0.05(0.77) 1.15(1.38) 2.56(1.67)
80  85.63(3.38) -1.51(1.12) 0.64(0.59) 1.21(1.17)  0.65(0.54) 135 (1.44)  2.19 (1.40)
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Table 4. Accuracy of different PC and MTL algorithms on CUB: 1) a parametric adaptation of (Kim et al., 2020)’s algorithm (Param), 2)
(Mejjati et al., 2018)’s non-parametric multi-task learning algorithm that uses our data alignment method (MTL), and 3-6) PC algorithms
that use identity chart maps (I/d), image translation networks (IT"), MMD, and a combination of MMD and HSIC (Ours), respectively.
For the initial predictors 7, 100x Kendall’s 7 coefficients are shown, while for the PC algorithms, the accuracy increases from f7 are
presented. The numbers in parentheses show standard deviations. For each target attribute, the best and second best results are highlighted
in boldface and with underline, respectively. The results of statistical significance tests of each PC method compared to f I are presented
in three categories: significantly better, significantly worse, and insignificantly different.

Target £l Param MTL 1d IT MMD Ours
1 65.20 (4.90) -0.38 (1.06) -0.11(0.58) -0.64(1.57) -0.25(0.90) -0.10(1.02) 1.56 (1.52)
2 69.77 (4.05) -0.35(0.63) -0.04(0.43) 0.42(0.92) 0.04 (0.69) 0.26 (0.69)  0.91 (0.69)
3 74.87 (3.59) -0.46(0.93)  0.09 (0.26) -0.14(0.82) -0.24 (0.49) -0.35(1.02)  0.66 (0.77)
4 63.75(3.36) -0.21(1.28) 0.10(0.20)  0.58 (0.69)  0.56 (1.23) 043 (0.71)  1.23(2.77)
5 70.85(2.09) -0.38 (1.08)  0.42(0.86) 0.26 (0.68) -0.09 (0.52) -0.21(2.26)  0.91 (1.12)
6 59.24 (3.05) -0.59 (1.84) -0.09(0.78) -0.15(1.84) 0.44(0.97) 0.33(0.83) 0.82(1.14)
7 70.85(2.32) -0.08(0.35) 0.26 (0.77)  0.04(0.94)  0.03(0.45) -0.78(1.26)  0.76 (1.48)
8 53.24 (3.57) -0.88 (1.35) -0.05(0.22) -0.40(1.46) -0.89(1.88) -0.76(1.05)  0.43 (1.35)
9 70.18 (4.45) -0.18 (0.45)  0.08(0.36)  0.10(0.74) -0.78 (0.65) 0.03(1.27)  0.20 (1.17)
10 5898(2.13) -045(0.88) 0.20(0.41) -0.04(0.85) -0.38(1.41) -0.49(1.15) 0.53(2.11)
11 5503(428) -058(1.11) -0.74(2.57) 0.22(1.46) 0.22(0.72) -0.59(1.94) 1.54(2.06)
12 6635(2.94) 0.01(0.50) 027 (0.36) -0.24 (0.42) -0.15(0.40) 0.17 (0.40)  0.47 (1.01)
13 7293(232) -0.14(0.29) -0.02(0.20) -0.09 (0.69) 0.16 (0.42) -0.01(0.33)  1.35(1.47)
14 69.60(2.15) -0.39(1.06) -0.02(0.33) -0.64(0.64) -0.39(0.73) -0.31(0.51) 0.58 (0.89)
15  65.14(320) -0.63(0.75) 0.03(0.80) 0.58(0.77) -0.14(0.88) 0.33(0.37)  1.54 (1.02)
16 63.22(3.16) 0.07(0.88) -0.01(0.64) 0.65(0.60) 0.10(0.62) 0.96 (1.43)  2.82(1.04)
17 48.14(443) -039(1.81) 0.64(0.73) -0.22(1.79) 0.11(0.81) 0.36(3.32) 2.75(1.58)
18 50.80 (4.61) -0.34(1.69) 033(1.44) 0.99(1.50) 0.34(1.04) 1.68(3.29) 3.69 (3.20)
19  71.50(2.78) -0.13(0.80) 0.03(0.43) -0.23(0.85) -0.36(0.61) -0.47(1.27) 0.52(0.76)
20 73.06 (2.64) -0.04(0.41) 0.01(0.36) 0.04(0.69) 0.04(0.40) -0.29 (0.65)  0.35 (0.79)
21 70.96(3.39) -0.24(0.72) 0.10(0.31) -0.30(0.52) -0.08 (0.81) 0.08(0.83)  0.66 (0.80)
22 70.11 (4.54) 0.19(0.64) 0.26 (0.56) -0.86(0.62) -0.27 (0.30) -0.73(1.39) -0.23 (1.62)
23 62.12(341) -0.92(2.07) 0.02(0.39) -039(1.03) 0.26(1.01) 0.34(0.61) 1.16(1.08)
24 72.73(2.89) -0.70(0.98) -0.14(0.87) -0.01(0.70) -0.11(0.49) -0.30(1.43)  1.46 (1.50)
25 62.18(5.89) -0.01(0.87) 0.39(0.73) 0.28(0.82) 043 (1.11) 1.82(1.46)  3.80 (2.68)
26 54.74(3.72) -0.05(1.21) 0.11(0.92) 0.45(1.17) 0.23(1.29) 0.75(1.31)  3.09 (1.95)
27 66.21(4.25) -0.26(0.95) -0.08(0.29) -0.16(1.10) -0.11(0.76) -0.15(1.12)  0.80 (0.84)
28  57.51(4.59) -0.67(1.45) -0.52(1.87) 0.59(0.81) -0.68(1.87) -0.54(1.86) 0.45(0.78)
29 5471 (4.05) -1.35(2.15) -0.24(0.73) -0.54(1.71) -0.14(1.04) 037 (1.20) -0.31(2.40)
30 5334(321) -0.16(0.38) 0.17(1.19)  0.15(1.01) -0.37(1.05) -0.06 (1.14)  0.37 (1.65)
31 70.12(3.50) -0.61(0.88) 0.26 (0.66) -0.32(0.97) -0.27(0.86) -0.58(1.71)  0.60 (0.93)
32 4341(3.69) -0.55(1.37) -0.09(0.39) -0.03(2.10) -0.64(2.92) 0.17(1.14)  3.06 (1.87)
33 57.79331) -0.19(0.86) 0.39(0.49) -0.16(1.39) 0.88(1.76) 1.25(1.47) 1.54(1.93)
34 44.75(5.48) -0.08(1.10) 0.16(0.60) 0.60 (1.47) 0.20(1.59) 0.72(2.45) 3.94 (2.73)
35 47.12(4.23) -0.40(091) 040 (1.08) -0.32(1.89) -0.47(0.73) 0.95(1.68) 3.07 (2.34)
36 49.86(3.78) -0.31(1.09) -0.32(0.93) 0.07(1.55) 0.24(0.66) 1.56(1.23) 3.22(2.36)
37 3742(333) 0.28(0.74) 0.07(0.38) 0.14(1.24) 0.01(0.94) 099 (2.60) 2.83 (2.87)
38 64.66(3.97) 0.09(1.32) 0.33(0.78) -0.37(1.04) -0.76(0.95) -0.08(1.02) 0.71 (1.03)
39 74.71(229) -0.54(043)  0.27(0.46) -0.57(1.03) -0.26(0.65) -0.05(0.77) 0.19(0.73)
40 65.19 (441) -0.03(0.78) -0.05(0.11) -0.37(1.70) -0.33(0.53) 0.15(0.79)  1.25(2.26)
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Table 5. Accuracy of different PC and MTL algorithms on PubFig (ResNet), PubFig, Shoes (ResNet), and Shoes: 1) a parametric adaptation
of Kim et al.’s algorithm (Kim et al., 2020) (Param), and 2-5) PC algorithms that use identity chart maps (/d), image translation networks
(IT), MMD, and a combination of MMD and HSIC (Ours), respectively. For the initial predictors £/, 100x Kendall’s 7 coefficients are
shown while for the PC algorithms, the accuracy increases from f7 are presented. The numbers in parentheses show standard deviations.
For each target attribute, the best and second best results are highlighted in boldface and with underline, respectively. The results of
statistical significance tests of each PC method compared to £’ are presented in three categories: significantly better, significantly worse,
and insignificantly different.

Target ! Param MTL Id IT MMD Ours
PubFig (ResNet)
1 78.43 (2.16)  -0.09 (0.28) -0.06 (0.18) -0.26 (0.38) -0.01 (0.60) -0.15 (0.38)  0.21 (0.68)
2 63.72(3.09) -0.18(0.53) -0.13(0.64) 0.54(0.63) 0.88(0.87) 0.67 (1.26) 1.60 (0.89)
3 72.62(2.32)  021(0.29) 0.20(0.43) 0.18(1.22) 0.97 (0.96) 0.83 (1.07) 1.10 (1.05)
4 69.96 (4.04)  0.07(0.18) -0.04(0.42) 1.03(1.39) 045(1.19) 1.64(1.88) 2.62(1.78)
5 69.01 (2.19) -0.30(0.58) -0.23(0.54) -0.30(1.01) 0.32(0.84) -0.29 (1.06) 1.58 (1.51)
6 82.38 (1.50) -0.09(0.42) 0.16 (0.52) 0.24 (0.65) -0.40(1.13)  0.87 (1.15) 1.24 (0.93)
7 65.65(3.29) -0.05(0.93) -0.23(0.75) -0.08(1.36) 0.07 (1.14) 0.85(1.49) 2.54 (2.28)
8 66.54 (1.98) -0.17(0.42)  0.37(0.51) -0.60(1.09) 0.73 (0.86)  0.93 (1.28) 2.27 (0.81)
9 65.93(2.52) -0.26 (0.43) -0.22(0.59) 0.67(1.19)  0.90(0.79)  3.08 (1.36) 4.43 (1.19)

10 74.13 (3.39) -0.00 (0.46) -0.06 (0.06)  0.27 (0.83)  0.07 (0.68)  0.59 (0.84) 0.94 (1.00)
11 76.29 (2.23) -0.24 (0.64) 0.05(0.19) 0.19(0.60) 1.05(0.74) -0.30(1.94) 0.72(1.35)
PubFig
1 64.22 (3.39) N/A  0.08 (0.39) N/A N/A  -0.02 (0.59) 0.96 (0.76)
2 60.74 (3.22) N/A  0.02(0.16) N/A N/A  -0.18 (0.84) 0.05(0.52)
3 65.39 (2.01) N/A  -0.26 (0.43) N/A N/A  -0.02 (0.62) 0.94 (1.06)
4 62.67 (4.00) N/A  0.05(0.28) N/A N/A  -0.27 (0.55) 1.85 (1.46)
5 58.47 (2.75) N/A  -0.15 (0.87) N/A N/A  0.25(0.53) 0.94 (1.25)
6 77.67 (1.59) N/A  0.24 (0.39) N/A N/A  0.17 (0.84) 0.77 (0.68)
7 61.33 (4.04) N/A  -0.06 (0.18) N/A N/A  -048 (1.15) 0.50 (1.23)
8 60.51 (2.57) N/A  -0.13 (0.24) N/A N/A  -0.42(0.54) 0.92 (0.56)
9 56.39 (3.73) N/A  0.03(0.14) N/A N/A  0.39(0.68) 4.13(1.91)
10 61.04 (3.22) N/A  0.23 (0.44) N/A N/A  0.00 (0.69) 2.31(1.73)
11 65.79 (4.16) N/A  -0.03 (0.34) N/A N/A  0.05(0.41) 1.62(1.45)
Shoes (ResNet)
1 74.34 (1.32) -0.02(0.08) 0.03(0.16) -0.05(0.25) 0.41(0.34)  0.72(0.24) 0.66 (0.51)
2 7345 (1.31) -0.09 (0.25) 0.05(0.06) 0.14(0.29) 0.71(0.32)  0.73 (0.35) 1.23(0.43)
3 44.62 (2.32) -0.08 (0.37) 0.07 (0.16) 0.68 (0.86)  1.23(1.00)  1.42(1.42) 2.70 (1.10)
4 56.71 (2.21) -0.32(0.82) -0.05(0.19) 0.25(0.40) 1.23(1.08) 0.46(1.14) 1.43(1.08)
5 71.46 (1.40) -0.06 (0.26)  0.04 (0.04) -0.01(0.22) 0.45(0.33) 0.47(0.48) 0.57 (0.52)
6 70.06 (1.38) -0.17 (0.28) -0.01 (0.05) -0.06(0.32) 0.49(0.45) 0.79 (1.01) 1.20 (0.70)
7 67.45(2.15) -0.28 (0.55) 0.00 (0.07) 0.27(0.66) 0.63(0.78)  0.88 (1.68) 1.44 (0.76)
8 6247 (1.59)  0.09 (0.36) -0.07 (0.31) 0.26(0.43) 0.40(0.65) 0.62(0.83) 1.03(0.52)
9 73.89 (1.04)  0.05(0.41) 0.01(0.10) -0.08(0.27) 0.23(0.49) 0.20(0.40) 0.55 (0.45)
10 74.03 (1.37) 0.00(0.17)  0.21(0.31) 0.11(0.52) 0.31(0.31) 0.56(0.85) 0.76 (1.07)
Shoes
1 70.85 (1.11) N/A  0.01(0.07) N/A N/A  0.14 (0.87) 0.46 (0.66)
2 61.91 (2.01) N/A  0.09 (0.18) N/A N/A  0.88(0.87) 2.21(1.31)
3 37.60 (2.34) N/A  0.08 (0.47) N/A N/A  -0.03 (2.21) 2.97 (1.60)
4 49.98 (2.74) N/A  -0.02 (0.25) N/A N/A  0.27 (0.88) 0.71 (1.38)
5 64.57 (1.22) N/A  0.05(0.07) N/A N/A  0.33(0.39) 1.29(0.91)
6 65.72 (1.59) N/A  0.11(0.17) N/A N/A  0.04(091) 1.56(1.27)
7 58.75 (1.96) N/A  -0.01 (0.16) N/A N/A  -0.32(1.55) 2.00 (1.45)
8 54.08 (2.03) N/A  0.06 (0.10) N/A N/A  0.31(0.68) 0.65(0.76)
9 65.96 (1.28) N/A  0.19(0.34) N/A N/A  0.38(0.57) 0.91(0.69)
10 69.78 (1.37) N/A  0.08 (0.22) N/A N/A  0.69(0.78) 1.06 (0.86)




Predictor Combination Across Task Categories

Table 6. Accuracy of different PC and MTL algorithms on OSR (ResNet) and OSR: 1) a parametric adaptation of Kim et al.’s algorithm (Kim
et al., 2020) (Param), and 2-5) PC algorithms that use identity chart maps (/d), image translation networks (IT), MMD, and a combination
of MMD and HSIC (Ours), respectively. For the initial predictors £, 100x Kendall’s 7 coefficients are shown while for the PC algorithms,
the accuracy increases from f7 are presented. The numbers in parentheses show standard deviations. For each target attribute, the best and
second best results are highlighted in boldface and with underline, respectively. The results of statistical significance tests of each PC
method compared to f7 are presented in three categories: significantly better, significantly worse, and insignificantly different.

Target £l Param MTL Id IT MMD Ours
OSR (ResNet)
1 98.72(0.30) -0.02(0.10) -0.01 (0.06) 0.00(0.17) 0.17 (0.15) 0.21 (0.13)  0.21(0.19)
2 92.79 (0.65) -0.02(0.09)  0.03(0.09) 0.28 (0.22) 0.50(0.20) 0.64 (0.29)  0.96 (0.29)
3 91.10 (0.50) -0.27(0.17)  0.15(0.15) 0.42(0.58) 0.91(0.35) 0.93(0.43) 1.32(0.44)
4 92.95(0.37)  0.00 (0.11) -0.03(0.22) 0.29 (0.48) 0.62(0.38) 1.48(0.32) 1.73(0.48)
5 94.48 (0.46)  0.04 (0.19)  0.01(0.10) 0.76 (0.24) 0.71 (0.20) 1.41 (0.27) 1.44 (0.32)
6 96.19 (0.62) -0.14(0.09)  0.01(0.15) 0.18 (0.30) 0.22(0.39) 0.53 (0.34)  0.58 (0.27)
OSR
1 90.71 (0.53) N/A  0.07(0.14) N/A N/A  0.66 (0.34)  0.86 (0.40)
2 83.99 (0.73) N/A  0.46 (0.30) N/A N/A 037 (0.54) 0.45(0.50)
3 74.85 (0.85) N/A  0.18(0.19) N/A N/A 039 (0.70)  0.77 (0.54)
4 74.84 (1.33) N/A  -0.11 (0.26) N/A N/A  1.00 (0.73)  1.40 (0.41)
5 78.12 (1.06) N/A  0.09 (0.14) N/A N/A  0.80 (0.58) 1.92 (0.96)
6 78.85 (1.22) N/A  -0.04(0.15) N/A N/A  0.31(0.60) 1.16 (1.01)
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Figure 1. Examples of image translation between Aerial photographs and Google maps (top two rows), and Summer and Winter Yosemite
photographs (bottom two rows). Images are provided by Zhu et al. (Zhu et al., 2017).
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Shoes—AWA2 |  PubFig—OSR |  Shoes—OSR OSR—AWA2 |  OSR—CUB

Figure 2. Examples of image translation across datasets of heterogeneous categories.



