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Background

CyCADA

Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu, Phillip Isola, Kate Saenko, Alexei Efros, and Trevor Darrell.
CyCADA: Cycle-consistent adversarial domain adaptation. In Proc. ICML, 2018.
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Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu, Phillip Isola, Kate Saenko, Alexei Efros, and Trevor Darrell. 5
CyCADA: Cycle-consistent adversarial domain adaptation. In Proc. ICML, 2018.
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CyCADA

Lcycapa(fr; Xs, X1,Ys,Gsr,Gr—s,Ds, Dr)
= Luask(fr,Gs-1(Xs),Ys)
+ Loan(Gs—T, Dry X1, X5) + Loan(GT> s, Ds, Xs, X1)
+ Loan(f1; Dteats fs(Gs—1(Xs)), Xr)
+ Leye(Gso1,Gros, Xs, X1) + Leem(GssT, G5, X5, X4 f3).

Judy Hoffman, Eric Tzeng, Taesung Park, Jun-Yan Zhu, Phillip Isola, Kate Saenko, Alexei Efros, and Trevor Darrell.
CyCADA: Cycle-consistent adversarial domain adaptation. In Proc. ICML, 2018.



Background

Deep Mahalanobis detector

- Mahalanobis distance:

- Single sample: Dulz) = /(x —p)"S e —p)

- Two samples: Dy (r.y) = /(z — ) T8z —y)

Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting out-of-distribution
samples and adversatrial attacks. In Proc. NeurlPS, 2018.



Background

Deep Mahalanobis detector

- Mahalanobis distance:

covariance matrix

- Single sample: Dulz) = /(x - ) AE)(z <) mean of samples

- Two samples: Dy (r.y) = /(z — ) T8z —y)

Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting out-of-distribution
samples and adversatrial attacks. In Proc. NeurlPS, 2018.
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Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting out-of-distribution
samples and adversatrial attacks. In Proc. NeurlPS, 2018.
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Background

- Mahalanobis distance: ,_, o_yA  B-UTQU Y =XU
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Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting out-of-distribution
samples and adversatrial attacks. In Proc. NeurlPS, 2018.
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- Mahalanobis distance: ,_, o_yA  T-UTQU Y =XU

- Hypothesis: The features of each layer

z1 — 22)(21 — 22) of convolutional neural networks follow a
multivariate Gaussian distribution
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Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting out-of-distribution
samples and adversatrial attacks. In Proc. NeurlPS, 2018.
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We can calculate the mean value and the covariance
matrix of all samples of each category in each convolution

layer. -~ ()
y fle = \Ll Z‘:':y,:t'j (I"‘
Y= Y s (f(@) — fie) (i) — fic)T
For a new sample x, its degree of category confidence:

M (z) = max. —(f(z) — fic)T21(f(z) — fi.)

Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting out-of-distribution
samples and adversatrial attacks. In Proc. NeurlPS, 2018.



Deep Mahalanobis detector

Background

Tasdict Validation on OOD samples Validation on adversarial samples
(modely 00D TNR at TPR 95% AUROC Detection acc. TNR at TPR 95% AUROC Detection acc.
FReE Baseline [13] / ODIN [21] / Mahalanobis (ours) Baseline [13] / ODIN [21] / Mahalanobis (ours)
CIFAR-10 SVHN 402/862/90.8 899/955/98.1 83.2/91.4/939 | 402/70.5/89.6 89.9/928/97.6 83.2/86.5/92.6
(DenseNet) TinyImageNet 58.9/924/95.0 94.1/985/988 88.5/93.9/95.0 | 589/87.1/949 94.1/97.2/98.8 88.5/92.1/95.0
LSUN 66.6/96.2/97.2 954/99.2/993 903/95.7/963 | 66.6/929/97.2 954/985/99.2 90.3/94.3/96.2
CIFAR-100 SVHN 26.7/70.6/825 827/93.8/97.2 756/866/91.5 | 26.7/39.8/62.2 82.7/882/91.8 75.6/80.7/84.6
(DenseNet) TinyImageNet 17.6/42.6/86.6 71.7/852/974 657/77.0/92.2 | 17.6/43.2/87.2 71.7/853/97.0 657/77.2/918
LSUN 16.7/41.2/91.4 70.8/855/98.0 649/77.1/939 | 16.7/42.1/91.4 70.8/857/979 64.9/77.3/93.8
SVHN CIFAR-10 69.3/71.7/968 91.9/91.4/989 86.6/85.8/95.9 | 69.3/69.3/97.5 91.9/91.9/98.8 86.6/86.6/96.3
(DenseNet) TinylmageNet 79.8/84.1/99.9 94.8/95.1/99.9 90.2/904/98.9 | 79.8/79.8/99.9 94.8/94.8/99.8 90.2/90.2/98.9
LSUN 77.1/781.1/100 94.1/945/99.9 89.1/89.2/993 | 77.1/77.1/100 94.1/94.1/99.9 89.1/89.1/99.2
CIFAR-10 SVHN 32.5/866/964 899/96.7/99.1 851/91.1/958 | 32.5/403/75.8 899/86.5/955 85.1/77.8/89.1
(ResNet) TinyImageNet 44.7/725/97.1 91.0/94.0/99.5 85.1/86.5/96.3 | 44.7/69.6/955 91.0/93.9/99.0 85.1/86.0/95.4
LSUN 454/73.8/989 91.0/94.1/99.7 853/86.7/97.7 | 454/70.0/98.1 91.0/93.7/99.5 85.3/858/97.2
CIFAR-100 SVHN 203/62.7/91.9 795/939/984 732/88.0/93.7 | 203/122/41.9 795/72.0/84.4 73.2/67.7/76.5
(ResNet) TinyImageNet 20.4/492/909 77.2/87.6/98.2 70.8/80.1/93.3 | 204/33.5/70.3 772/83.6/87.9 70.8/759/84.6
LSUN 188/456/90.9 758/856/982 699/783/93.5| 188/31.6/56.6 75.8/81.9/823 699/74.6/79.7
SVHN CIFAR-10 783/79.8/984 929/92.1/993 90.0/89.4/96.9 | 783/79.8/94.1 92.9/92.1/97.6 90.0/89.4/94.6
(ResNet) TinylmageNet 79.0/82.1/99.9 935/92.0/99.9 904/894/99.1 | 79.0/80.5/99.2 93.5/929/99.3 90.4/90.1/98.8
LSUN 743/773/999 91.6/89.4/99.9 89.0/87.2/99.5 | 743/76.3/99.9 91.6/90.7/99.9 89.0/88.2/99.5

Table 2: Distinguishing in- and out-of-distribution test set data for image classification under various
validation setups. All values are percentages and the best results are indicated in bold.

Kimin Lee, Kibok Lee, Honglak Lee, and Jinwoo Shin. A simple unified framework for detecting out-of-distribution  ;
samples and adversatrial attacks. In Proc. NeurlPS, 2018.
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Motivation

Unmanned aerial vehicle (UAV) <——— Ground-based cameras

Wide variety of camera viewing angles

Expand the training set —— Domain gap



Motivation

Unmanned aerial vehicle (UAV) <——— Ground-based cameras

Wide variety of camera viewing angles

Expand the training set —— Domain gap

How to measure accurately the domain gap?
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Method

Softmax-based classifier: representation space

The distribution of each category——multivariate Gaussian distribution.

4

Sigmoid-based detector: representation space

The distribution of each category——multivariate Gaussian distribution.



Method

- The representation space of the sigmoid-based detector:
P(f(x)|ye = 1) ~ N(f(x)|pe, Xe), (1)
where
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Method

- The domain gap between a new image X, and D.:

d(Xnew) = (FEnew) — tte) ' B2 (F (Xnew) — tie) - 3)

To mitigate the effect of image size on measuring the domain gap—
—multiple image scales:

d(Xnew) = MID({d(Xpew)}), (4)

where S={128, 256, 384, 512}.



Method

Progressive Transformation Learning:

- Transformation candidate selection

w(x) = exp (@) 5)



Method

Progressive Transformation Learning:

- Virtual2Real transformation:
Crop the person region——apply the transformation

- CycleGAN



Method

Set update: R =R'UCR! VIt =vV!/Cyt (6)

Transformation Virtual2Real
Candidate Selection Transformation Set Update
Set
Target union
Detector £ it Generator ¢ RtU C t
R
training fo, (W, ) training fs
Source
» Weighted tandom Transformation —»
sampling
Set
subtraction

Figure 2. Progressive Transformation Learning (PTL) pipeline. The red arrow indicates the processing flow of the virtual images
selected to be added to the training set.
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Experiments

23

Real UAV-based datasets:

- VisDrone
- Okutama Action
- 1CG

Virtual dataset

- Archangel Synthetic
Metrics

- AP@.5

- AP@].5:.95]




Experiments
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Figure 3. Analysis of the use of virtual images when PTL progresses. The figures in the top row show the accumulated distribution of

transformation candidates with respect to camera locations (i.e., altitude and rotation circle radius from the target human in  and y axes,

respectively) for each PTL iteration. Darker bins indicate that more virtual images have been added to the training set. The figures in the

bottom row (x axis: domain gap, y axis: the corresponding number of virtual images) show the domain gap distribution of virtual images

measured by eq. 4. These figures are collected from the experimental setup of using 50 real images from the VisDrone dataset for training.
24



Experiments

AP@.5: VisDrone AP @[.5:.95]: VisDrone AP@.5: Okutama-Action
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Figure 4. Learning curves of the two metrics (AP@.5 and AP@[.5:.95]) on the three datasets
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iter. iter.

method ety o VisDrone Okutama-Action ICG
20 50 20 50 20 50

baseline R 3.74/ 1.09 6.42/ 1.86 41.61/ 11.23 49.84/ 13.76 49.35/ 14.69 66.75/ 23.91
pretrain-finetune R+V 4,99/ 1.46 6.25/ 1.99 44.57/ 12.78 49.06/ 15.08 66.92/ 26.67 68.41/ 29.73
naive merge R+V 3.41/ 1.02 5.18/ 1.65 34.26/ 9.21 48.33/ 14.61 55.95/ 20.76 65.68/ 26.73
w/ transform R+V 1.26/ 0.49 4.02/ 1.37 2130 154 41.36/ 12.64 48.02/ 17.62 65.03/ 27.21
PTL (5th itr.) R+V 6.83/ 1.94 9.09/ 2.85 52.89F 15,57 59.90/ 18.48 69117 Z1.33 74.14/ 31.41
+3.09/+0.85 +2.67/+0.99 +11.28/ +4.34 +10.06/ +4.72 +19.76/+12.64 +7.39/ +7.50
PTL (best) R+V Lioal 2,13 9.33/ 2.94 53.82/ 15.59 60.65/ 18.48 70.23/ 27.33 74.14/ 31.41
+3.78/+1.04 +2.91/+1.08 +12.21/ +4.36 +10.81/ +4.72 +20.88/+12.64 +7.39/ +7.50

Table 1. Low-shot learning accuracy with 20 and 50 real images. AP@.5 and AP@[.5:.95] are reported in each bin. For PTL, the margin
from the baseline accuracy is shown below the reported accuracy. The best accuracy for each setting is shown in bold. R and V denote the
set of real images and the set of virtual images, respectively. -
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VisDrone

Okutama-Action

ICG

Experiments

# img per itr VisDrone Okutama-Action ICG
1 9.48/ 3.01 39.37/ 10.45 27.87/ 175 50 9.59/ 2.90 41.62/ 11.19 | 2594/ 6.04
5 9.09/ 2.85 42.39/ 1141 29.26/ 1.27 100 9.33/ 2.94 4239/ 1146 | 30.01/ 7.36
10 9.68/ 2.87 37.48/ 9.51 33.06/ 7.66 200 9.04/ 2.91 41.29/ 11.18 35.50/ 10.20
B SRR s s 10 Al B Table 3. Varying # of virtual images added to the training set
1000 8.90/ 2.63 39.15/ 10.00 43.90/ 11.97

per PTL iteration. Models are trained on the VisDrone dataset
with 50 shot learning setup. The reported accuracies are obtained
by using the best PTL models.

Table 2. Varying 7 in PTL (after 5th iteration). Models are trained
on the VisDrone dataset with 50 shot learning setup.

4
=
g ot AT .. I
A |

Naive merge w/ transform PTL

Figure 5. Sample Virtual2Real transformation output (VisDrone, 50-shot). Each set consists of three images: original virtual image
(left), transformed image (middle), and transformed image with background (right).
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Experiments

VisDrone Okutama-Action ICG
method
20 50 20 50 20 50

Vis — Vis Oku — Oku ICG — ICG
baseline 3.74/ 1.09 6.42/ 1.86 41.61f 11.23 49.84/ 13.76 49.35/ 14.69 66.75/ 23.91
PTL (5th itr.) 6.83/ 1.94 9.09/ 2.85 5289 1557 59.90/ 18.48 69.11/ 27.33 74.14/ 31.41
PTL (best) T2 215 9.33/ 2.94 53.82/ 15.59 60.65/ 18.48 70.23¢ 27.35 74.14/ 31.41

Oku — Vis Vis — Oku Vis — ICG
baseline 1.62/ 047 2.04/ 0.57 17.13/ 4.53 36.82/ 9.87 2.92/ 0.56 7.46/ 1.83
PTL (5thitr) 272/ 0.94 3.05/ 1.07 30.72/ 7.45 42.39/ 1141 26.86/ 7.22 29.26/ 7.27
PTL (best) 3.00/ 1.22 3.56/ 1.17 33.251 8.9 42.39/ 11.46 29.60/ 7.69 30.01/ 7.36

ICG — Vis ICG — Oku Oku — ICG
baseline 0.54/ 0.13 0.99/ 0.26 3.56/ 0.75 10.27/ 2.49 537 1.25 5231 1.20
PTL (5thite) 1.09/ 0.33 1.61/ 0.50 11.19/ 2.58 14.20/ 3.56 28.98/ 8.14 2539 6.53
PTL (best) 1.58/ 1.02 1.70/  0.63 12.82/ 2.96 14.20/ 3.71 28.98/ 8.14 2662/ 6.53

Table 4. Cross-domain detection accuracy. The table shows experiments with 3 x3 cross-domain setups. For each setup, datasets shown
to the left and right of the arrow are the training and test sets, respectively. The accuracies of PTL and the baseline without using virtual
images for training are shown. Setups on the top use training and test images from the same domain, which provides a baseline accuracy
in the cross-domain setups. All setups in each column are tested on the same dataset and the same low-shot regime.
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