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In this supplementary material of [3], we first prove the result o, — py in the case when 1 — 0 (stated on page 4 in
[3]). The derivation is performed in section 1. In section 2 we present the per-video and all attribute results on the OTB-2015
dataset [19]. Finally, section 3 contains per-video results on the Temple-Color dataset [14].

1. Derivation of o, — p;, When pp — 0

Here, we derive that the computed sample weights o, converge to the prior weights p; when the flexibility parameter p is
reduced in our joint formulation. That is, we derive that oy, — px when p — 0 for fixed model parameters 6 € 2. Our joint
optimization problem is given by (corresponds to eq. (3) in the paper),
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We let the model parameters 6 be fixed and define the total loss in frame & by,
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Minimizing the joint formulation (1) with respect to the weights «ay, is then equivalent to solving the following quadratic
programming problem,
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We temporarily ignore the inequality constraint (4b) and introduce Lagrange multipliers for the constraint (4c),
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Here, 1 denotes the Lagrange multiplier. Differentiation w.r.t. o, gives,
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The stationary point is computed by setting the partial derivatives to zero,
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The Lagrange multiplier 7 is computed by summing both sides of (7) over k£ and using (4c) and (2),
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Using the result (8) in (7) gives,
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From (9) it follows that o, — pr, when . — 0. To show that the inequality constraint (4b) also holds in the limit u — 0, we
define the constant
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This choice ensures that ap, > 0, Vk for 0 < p < §. The inequality constraint (4b) is thus satisfied for 0 < g < 6. This
proves that the limit ;. — 0 of (9) is also the limit of the solution ay, of (4). Hence, ay, — pg in (4) when p — 0.

2. Detailed Results on OTB-2015

We provide detailed results on OTB-2015 [19] with 100 videos. The videos and ground truth are available at https:
//sites.google.com/site/benchmarkpami/. Figure 1 contains the success plots for all 11 attributes. Table 2
shows the per-video overlap precision for all trackers.

3. Detailed Results on Temple-Color

We also report detailed results on the Temple-Color dataset [14] with 128 videos. The videos and ground truth are available
at http://www.dabi.temple.edu/~hbling/data/TColor-128/TColor—128.html. The per-video over-
lap precision for all trackers in our comparison are reported in table 2.
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Figure 1. Success plots on OTB-2015 [19]. We show the total success plot (top-left) and the success plots for all 11 attributes. The title of
each attribute plot contain the name of the attribute and the number of videos associated with it. The area-under-the-curve score is shown

in the legend. For clarity, only the top 10 trackers in each plot are displayed in the legend. Our approach obtains the best results on all 11
attributes.



Video EDFT[5] | LSHT[Y] | DFT[15] [ ASLA[11] | TLD[I2] | Struck[#] | CFLB[6] | ACT[4] | TGPR[7] | KCF[10] | DSST[!] | SAMF[I3] | DAT[I7] | MEEM[20] | LCT[I6] | HCF[I5] | SRDCF[’] | Ours
Basketball 31 4.55 71.6 65.2 313 11 9.1 48.7 91.3 89.8 69.8 96.7 89.5 83 99.2 99.9 41.2 30.1
Biker 26.7 8.89 26.7 46.7 32.6 26.7 48.1 26.7 87.4 26.7 28.1 31.9 44.4 26.7 45.9 25.9 48.9 46.7
Birdl 26.7 4.41 26.2 245 0.49 154 0.98 245 311 6.37 6.62 5.64 30.1 4.41 311 19.9 6.37 5.64
Bird2 94.9 85.9 71.7 50.5 42.4 525 415 99 85.9 46.5 475 98 99 99 77.8 99 54.5 54.5
BlurBody 1.7 26 11.4 15 44 98.8 41.3 53.9 98.5 58.7 62.3 95.8 37.1 98.8 99.4 99.1 100 100
BlurCarl 1.48 121 7.68 2.29 13.6 99.9 50.4 69.9 94.5 100 98.8 100 1.48 100 100 99.7 99.9 99.9
BlurCar2 7.35 21.9 174 123 84.8 93.8 94.7 94.7 93.8 94.7 100 99.8 48.7 94.7 100 94.7 100 100
BlurCar3 5.6 30.8 11.8 12 93.6 100 56 32.8 93.3 99.4 100 100 25.2 100 100 100 100 100
BlurCar4 96.8 337 100 21.8 42.6 100 100 100 99.7 100 100 100 100 100 100 100 100 100
BlurFace 24.1 11.8 29 15 100 44 314 100 99.8 100 100 100 26 100 100 100 100 100
BlurOwl 4.28 9.83 10.8 114 63.9 98.6 94.1 20.8 13.6 22.8 22 23.1 99.8 99 89.4 96.5 98.6 97.1
Board 19.4 86.5 19.9 50.9 14.1 79.9 68.1 737 113 85.5 84.2 97.1 2.01 82.5 854 94.7 85.7 95.7
Bolt 1.71 32.6 4 1.43 17.7 2.29 2.29 100 1.43 94.3 100 99.7 96 88 98.9 98 1.43 1.43
Bolt2 0.683 529 0.683 0.683 0.683 4.44 345 27 0.683 0.683 1.02 0.683 63.5 0.683 0.683 88.4 1.02 1.02
Box 16.4 337 30.9 57.2 61.6 58.7 325 33.6 35.8 357 39.6 92.9 5.86 83.5 8.96 33.7 41.5 96
Boy 98 50.7 48.3 43.5 82.9 97.5 98.5 95 99 99.2 100 100 96.3 99.2 100 99 100 99.7
Carl 5.39 5.39 5.39 81.6 38.7 5.39 6.27 5.39 7.5 5.39 60.5 36.3 5.39 5.39 20.8 5.39 100 100
Car2 100 98.2 13.4 100 100 100 99.7 100 9.2 100 100 100 7.34 100 100 100 100 100
Car24 173 17.2 7.19 100 99 17 17.3 17.3 183 173 17.3 15.7 16.4 17.2 853 17.3 100 100
Car4 215 27.6 25.8 100 24 39.9 25 27.6 40.7 36.4 100 100 0.152 26.4 98.9 39.6 100 100
CarDark 68.4 60.6 33.6 100 53.7 100 97.7 100 100 69.2 100 58.3 2.04 100 99.2 88.3 100 100
CarScale 44.8 44.8 44.8 71 68.7 433 44.8 44.8 40.5 44.4 84.5 59.9 44.4 44.8 79 444 84.1 85.3
ClifBar 29.7 28.2 23.9 37.7 422 21.6 25.6 31.8 9.32 30.1 88.6 25.6 29.4 60.6 70.3 41.7 44.1 85
Coke 14.4 49.8 8.59 14.4 574 94.2 70.4 64.3 88 722 83.2 79.7 47.8 95.5 91.4 914 63.6 65.6
Couple 214 9.29 8.57 22.1 229 60.7 63.6 10.7 58.6 24.3 10.7 45.7 63.6 75.7 529 743 82.1 929
Coupon 100 100 100 100 38.8 100 100 100 37.9 100 100 100 99.1 39.4 100 100 100 100
Crossing 75 40 64.2 100 45.8 95.8 98.3 88.3 98.3 95 100 100 97.5 98.3 100 95 100 100
Crowds 91 54.3 91 89 89 68.2 90.8 96.8 86.7 100 90.2 99.7 1.73 83.8 96.2 99.4 95.1 89.6
Dancer 89.3 88.4 89.8 100 88.9 85.8 89.3 90.7 91.6 91.6 100 100 73.8 80.9 100 91.6 100 100
Dancer2 100 100 100 100 84 100 100 100 100 100 100 100 98.7 98.7 100 100 100 100
David 55.4 28.2 234 94.9 61.1 23.6 23.8 62.6 80.5 62.2 100 95.8 39.1 62.6 92.8 60.1 98.9 97.5
David2 100 100 54.2 83.6 100 100 100 100 100 100 100 100 11 100 100 92.2 100 100
David3 87.3 74.6 74.2 49.6 32.1 337 53.6 87.7 98.8 99.2 52.8 100 100 94 98 100 100 96.4
Deer 63.4 423 31 4.23 28.2 100 100 100 100 81.7 78.9 88.7 9.86 100 81.7 100 100 100
Diving 18.6 16.7 18.6 17.7 16.7 18.1 18.6 18.6 18.1 18.6 18.1 18.6 18.6 17.2 18.6 18.6 18.6 18.1
Dog 19.7 15 19.7 66.1 72.4 157 13.4 13.4 22.8 14.2 60.6 472 18.1 14.2 33.9 13.4 49.6 59.8
Dogl 64.4 543 52.1 89.9 75.6 65.2 58.4 65.3 66.9 65.1 100 72.8 6.52 62.9 100 65.2 100 100
Doll 49.3 23 35 92.2 69.3 68.9 724 49.6 86.4 552 99.7 65.2 18.3 72.9 99.4 72.9 99.7 99.7
D 22.1 19.5 11.5 159 133 8.85 6.19 23 38.1 30.1 6.19 63.7 39.8 80.5 31 78.8 30.1 22.1
Dudek 823 89.9 80.1 90.5 67 98.1 95.5 96.1 94.6 97.6 98.1 98.2 18.1 95.3 99.9 99.2 97.4
FaceOccl 672 79.4 80.3 272 56.4 100 98.8 100 96.2 100 100 100 90.6 100 100 100 100
% 99.4 99.8 99.5 100 78.9 100 97.8 62.4 93.5 99.6 100 98.6 111 91.9 99.8 93.6 90.4
s 100 100 86.1 100 62 100 4.83 39.9 100 100 100 100 5.67 16.8 100 100 100
FleetFace 54.7 65.5 55.6 64.5 44.1 78.1 57.3 58.7 64.2 66.9 66.5 70.3 5.23 77.8 94.3 66.3
Football 97.5 7.3 84.3 77.1 74.9 89.8 68 63.8 98.3 70.2 79 78.5 0.276 95.6 100 87.8
Footballl 100 91.9 100 432 36.5 324 324 40.5 68.9 94.6 39.2 35.1 79.7 90.5 97.3 39.2
Freeman| 12.6 18.4 17.8 32.8 233 20.2 14.7 13.8 22.7 16.3 353 28.2 19 22.1 65.3 62.6
Freeman3 28.9 15.7 33 91.7 64.6 17.6 313 33 1.09 27.8 313 26.1 30.7 33 31.1 559
Freeman4 17 20.1 18 17 21.6 18.7 15.9 17.3 19.1 18.4 41.7 16.6 23.7 28.3 413 87.6
Girl 48.6 14.4 25.2 86.8 72.6 97 29 49.8 174 742 30.6 100 46.2 90.4 97.6 77.6
Girl2 7.13 8.13 7 155 27.6 359 727 7 7.27 7 7.27 77.5 55.4 78.6 747 74
Gym 7.04 31.2 6.91 4.95 356 1.1 3.13 26.9 355 34.3 1.56 35.1 29.3 379 2.35 535
Human2 931 16.8 9.13 93.2 48.8 71.5 54.4 17.6 19.5 18.3 55.8 56.9 29 83.4 94.5 97.8
Human3 0.53 1.24 0.53 0.648 0.53 1.06 0.53 253 0.471 0.471 277 0471 6.77 65.8 0.471 3.18
Human4 193 19 19.3 9.15 13.6 21.1 19.5 19.2 59.4 51.3 90.4 93.6 60 49.5 79.3 100
Human5 342 5.05 7.57 98.9 60 339 342 24 28.5 23.6 243 24 1.4 34.2 8.27 96.5
Human6 22.5 20.1 21.2 439 304 223 225 22.6 21.6 22.5 45.6 25 22.5 223 26.9 922
Human7 23.2 26.4 16 29.2 94 41.2 41.2 332 50.4 40.8 424 44.8 15.6 41.2 28.4 100
Human8 133 781 133 8.59 9.38 133 4.69 25.8 11.7 100 67.2 29.7 30.5 99.2 100
Human9 14.8 23 13.4 18.7 20.3 4.92 22.6 19.7 19 23.9 19 16.7 19.7 47.2 46.2
Ironman 4.22 2.41 3.61 15.1 8.43 4.82 723 24.7 8.43 133 11.4 4.82 51.8 9.64 3.01
Jogging 22.1 91.2 215 22.8 96.4 95.8 17.3 22.5 225 96.7 225 91.5 96.7 97.1
Jogging 15 15.6 15.6 18.2 954 16.3 977 18.2 99.3 182 99.7 19.5 86 97.1 99.3
Jump 5.74 4.92 5.74 7.38 4.1 9.84 82 9.02 8.2 7.38 8.2 8.2 3.28 8.2 6.56 2.46
Jumping 91.7 7.67 11.8 575 92.3 88.5 4.79 4.79 10.2 28.1 6.07 24.6 5.43 99 92.7 95.8
KiteSurf 98.8 41.7 833 31 38.1 53.6 95.2 100 90.5 32.1 393 44 89.3 98.8 452 64.3
Lemming 44.8 40.7 474 16.7 63.4 63.8 79.3 29 29.5 44.2 27.2 90 74.4 88 89.1 26.3
Liquor 233 60.1 229 68.8 75.5 40.5 40 28 377 98.1 40.9 81.2 427 98.3 49.9 98.6
Man 22.4 100 224 100 28.4 100 100 100 24.6 100 100 100 47 100 100 100
Matrix 9 2 6 7 7 11 13 1 10 13 18 32 8 36 31 37
Mhyang 91.2 97.1 71.5 100 90.3 100 90.3 91.7 93.7 100 99 100 76.4 96.9 99.1 99.7
MotorRolling 6.1 9.15 9.76 17.7 152 732 15.9 11.6 7.93 6.71 7.93 8.54 9.76 6.1 732
inBil 100 100 92.1 25 94.7 96.5 100 100 98.7 100 93 123 81.1 99.1 99.1
Panda 0.415 0.415 0.415 0.415 0.415 26.3 0.415 68.7 14.6 13.4 23.6 65 39.2 26.7 13.6
RedTeam 349 28.5 712 353 39.8 39.1 40.5 40.7 37.6 70 56.9 303 39.2 69.8 97.5
Rubik 76.8 439 91 47.4 31.9 14.6 81.8 113 81.4 772 50.9 39 64.5 98.5 16.5
Shaking 17.5 69.9 233 3.29 52.9 0.822 67.9 532 1.37 100 1.37 3.01 93.2 99.2 1.1
Singerl 27.6 27.6 100 98.6 29.9 29.9 27.6 21.9 27.6 100 573 28.5 274 72.6 100
Singer2 79 100 76.2 11.2 3.83 55.5 3.55 975 96.7 100 3.55 1.37 3.83 100 98.6
Skater 40.6 83.8 413 50 73.8 78.8 51.9 81.9 81.3 30 71.9 69.4 65 425 68.8
Skater2 4.83 276 329 352 48.7 11.7 73.6 57.2 62.1 29.2 61.6 78.4 85.5 72.2 46
Skating| 15.5 18.3 733 9 313 34 355 52.8 523 52.5 9 383 82 53.8
Skating2 2.96 22 372 5.92 17.8 3.17 17.3 32.1 38.1 48.2 345 13.1 8.25 53.5
Skating2 12.9 14.2 152 233 19.5 18 15 16.5 10.4 34.7 2.96 3.59 233 573 224
Skiing 9.88 37 123 741 4.94 6.17 9.88 9.88 741 4.94 4.94 519 32.1 9.88 4.94 4.94
Soccer 17.6 9.18 10.5 1.2 18.1 16.8 329 13.8 393 38.8 33.9 13.5 21.4 153 57.9 84.7
Subway 100 823 97.1 517 971.7 223 223 98.9 100 223 100 90.9 97.7 100 99.4 99.4
Surfer 86.2 40.4 2.13 82.7 81.4 28.5 94.7 96 39.9 29 85.9 223 383 93.9 95.7 93.9
Suv 5.19 52.8 79.2 95.8 47.3 56.3 534 53.7 98.4 98.4 98.4 12 79 98.4 98.4 98.2
Sylvester 55 92.9 44.9 84.8 96.3 98.9 74.2 94.5 82.1 69.4 78.4 29.4 92.1 92.9 83.3 85.8
Tigerl 332 7.74 15.8 23.2 83.7 25.8 87.1 33 85.7 59.3 83.1 143 91.7 90.5 99.1 96.6
Tiger2 26.3 1.2 12.6 20.3 69.3 255 66 76.2 36.4 29.6 49.3 44.7 49.3 723 95.3 94.5
Toy 387 28 50.9 77.9 35.8 32.8 39.5 30.3 43.2 90 68.3 1.11 38.7 79 79.7 58.3
Trans 41.9 40.3 40.3 39.5 41.1 38.7 54.8 339 47.6 323 50.8 38.7 44.4 355 40.3 36.3
Trellis 47.6 443 85.8 40.6 54 1.23 66.3 86.8 84 97.7 100 71 81.2 923 96.5 953
Twinnings 34 26.3 47.8 54.8 54.1 242 573 59.9 54.4 100 96.6 53.7 517 74.3 43.5 99.4
Vase 16.2 15.9 17.7 343 155 15.1 16.2 159 16.2 439 21 15.5 16.2 20.7 52.8 57.6
‘Walking 55.1 54.4 99.8 352 524 549 49 81.8 51.5 99.8 99.8 53.6 53.6 98.3 99.8 99.8
‘Walking2 38.2 38.4 39.8 20.8 43 432 38.4 78 38 100 51 35.6 37.8 40.6 100 100
‘Woman 93.3 83.9 88.6 32.8 93.5 90.3 92.8 93.6 93.6 93.3 92 16.6 93 93.1 92.3 93.3
Average 41.4 40 49 46.5 52.9 44.9 49.6 54 54.9 60.6 64.7 36.4 63.4 70.1 72.9 76.7

Table 1. Per-video results on the OTB-2015 dataset [19] with 100 videos. The results are shown in terms of overlap precision (in percent),
which corresponds to the PASCAL criterion. The two best results for each sequence are shown in red and blue respectively. Our approach
achieves a significant gain of 3.8% in average overlap precision, compared to the best existing tracker (SRDCF).



Video LSHT[Y] | DFT[/5] | ASLA[I1] | TLD[I] | Struck[*] [ CFLB[] | ACT[‘] | TGPR['] DSST[1] | SAMF([I ] | DAT[17] [ MEEM[*0] [ LCT[I0] Ours
Airport 284 405 246 39 a9 135 405 473 132 226 a2 226 453
Baby 32 297 909 274 297 297 97 912 297 27 2.1 854
Badminton 919 17.6 927 58 725 547 722 851 839 908 953 789
Badminton 0.142 426 296 64 594 296 a8 864 685 806 783
Ball 128 23 236 691 236 153 128 K] 251 128 512
Ball 131 202 104 0345 0173 [ 604 672 53 541 915
Ball 693 5 [2X) 58 684 632 593 693 693 684 693
Ball 783 0372 0372 297 24| 0372 223 765 765 335 502
Basketball 716 167 38 49 897 87 121 895 83 %9 96.1
Basketball 1 s 746 o T 5 167 T [ES) [EX] 675
Basketball 9.01 152 631 165 923 108 165 462 527 ST 477
Basketball 93 2 476 61 596 676 347 723 941 59 375
LX) 389 959 833 378 [EK) 267 956 514 89 578
21 952 247 306 199 203 609 246 192 948
395 971 129 759 15 747 9.6 767
234 [EX] 158 234 234 234 335 234
0 5 263 218 &) 5] 939 9
219 305 739 277 7 83 748 222
919 9.09 34 95 75 % 525 768
201 37 819 958 839 816 923
504 61 504 504 504 557 504
449 604 5 529 512 536 663 a4
) 5] 177 43 229 100 100 98.6
83 B9 965 975 955 95 100 99
105 102 105 562 105 Il 102 105
243 241 339 291 919 263 924 88.1
36 00 275 100 957 100 100 977
48 718 754 33 38 8 875 2438
281 %3 321 277 281 87 283 287
00 00 7 958 100 974 995 956
633 6719 517 633 633 633 00 633
181 21 503 [CAl (A 366 793 25
539 LX) 7] 975 632 613 838 914
857 107 5 60.7 63.6 107 107 50
Crossing 2 00 758 958 953 883 00 967
Cup 100 00 100 100 462 100 100 100
Cup 18 18 266 118 118 118 118 148
David 34 953 9T 2 23 626 100 626
David3 742 524 321 37 647 877 556 964
Deer 31 123 789 100 00 00 845 817
Diving 212 294 165 212 B 208 W1 303
Doll 35 987 S 527 7235 296 99.6 729
Fagle 33 366 86 33 357 268 268
5935 934 971 971 978 999 968
FaceOcel 803 S0 100 958 100 100 100
Face 371 59 306 306 387 135 371
Face 284 878 25 392 878 527 378
Fish 524 673 297 274 698 199 599
Fish 342 194 121 148 152 15 125
Footballl 100 351 324 324 405 94.6 392 973
Girl 252 502 968 364 LX) 536 i 954
Girlmov 567 201 173 72 593 633 693 74
Guitar 914 97 974 96.6 978 978 974 978
Guitar 981 73 G5 799 95.1 639 516 904
Gym 179 23 383 17.6 807 782 837
Hand 602 123 266 123 324 163 885
Hand 9533 573 275 135 97 335 9738
Hand 343 526 394 aid 9 614 9
Hurdle 263 123 537 3.67 877 633 69
Hurdle 395 263 0658 516 895 6738 501
Teeskater ) 92 822 338 67 27 764
Tronman 361 EEE) 602 723 723 75 961
Jogging| 215 96.1 21 16 25 05 967
Togging? 156 87 163 977 99 182 971
Tuice 75 995 8 5T 00 00 £
Kite 30 T2 27 29 973 32 313
Kite 281 821 163 845 956 64.6 913
Kite 383 100 957 959 858 977 00
Kobe 162 619 533 16 206 163 1538
Lemming 74 638 643 793 269 272 783
Tiquor 29 63 %06 0 02 209 3038
Logo 128 746 136 136 s 554 125
Matrix G 7 i 2 T 9 7 8 3
Messi 474 21 279 202 478 621 %54 204 471
36.1 291 50.6 623 559 941 122 529 644
Microphone 627 618 100 196 100 951 69.6 877 00
Microphone 282 971 0971 435 126 155 a7 100 136
MotorRolling 6.1 28 165 732 159 159 671 854 61
Motorbike 38 959 56 238 38 2 38 X3 33
351 202 974 974 100 100 100 23 965
Panda 2 788 61 519 523 373 249 519 365
Plane 1 216 187 274 25 322 ESA] [E8} 306
Plate 718 100 211 599 739 67.6 683 739 704
Platc 95 746 0552 00 00 00 994 746 00
Pool 952 542 97 %94 in in 0 i1 361
Pool 256 917 827 955 | 0752 | 0752 0752 158 0752
Pool T61 T61 03806_| 0806 61 0806 0.806 161 161
Railwaystation 291 23 726 339 339 315 315 944 339
Ri 756 100 100 100 100 84 100 298 100
Sailor [PX] 9 765 963 9% 102 ] 993 T
Shaking 825 329 46 0822 | 679 Gal 100 301 942
Singerl 276 972 299 299 276 28 100 285 276
Singer2 6.7 936 383 555 355 995 100 137 00
Singer 318 935 706 54 73 %6 T 963 995
Singer 851 595 [EX] 781 531 98T 781 531 249
Skating[ 163 ) 313 3 355 50 523 9 35
Skating2 16.1 215 334 226 182 682 781 322 789
Skating 115 7 315 513 905 577 782 677 S
Skating 563 4383 624 543 543 %6 563 324 29
Skiing 617 741 194 741 988 938 194 519 11
SKiing [EK) $32 755 376 589 Kz 996 804 759
kyjumping 149 912 187 215 394 366 129 464 3.09
Soccer 219 893 14 135 329 135 153 135 153
Spiderman T 3§55 1038 627 7 7 333 37 B
Subway 994 977 971 23 03 977 23 909 100
Suitcase a8 913 386 3.1 504 3.1 69 3.1 783
Sunshade a7 692 988 100 100 977 983 913 965
SuperMario 188 391 992 737 173 301 183 123 165
Surl 542 792 109 166 792 314 693 6738 517
Surl 691 256 261 15 T8 322 307 99 36
Surf 122 219 53 552 60.9 649 154 57 a4
Surl 741 963 389 741 589 37 207 0.7 438
TableTennis 152 758 354 505 152 | 0505 101 303 202
TennisBall 313 243 278 0347 243 174 | 0347 625 278 04
Tennis 368 956 797 676 59 §72 952 615 97.8 96
“Tennis 964 893 387 984 705 ar 9.7 100 993 100
Tennis 103 966 162 863 961 67 98 672 975 582
Thunder 507 827 133 0533 21 995 989 70.1 963 693
Tigerl 963 175 153 812 35 362 966 61.6 291 929
Tiger2 505 73 ) 66 255 6 871 296 T 726
Torus 572 31 606 9.09 78 958 962 947 875 3038
Toyplane 0247 617 84 277 889 9388 963 69 963 864 9388
Trellis 183 518 666 598 318 663 53 97.7 7T 814
Walking 524 551 93 30.1 524 E 9 655 515 998 536 539
Walking? 374 %2 aa 258 3 52 384 396 38 00 356 33
Woman 933 35 955 637 288 955 955 08 955 936 933 166 931
Yo 102 553 Bl 726 277 106 936 426 468 51 S0 851 102 809
Yo 20 [EX] 98 295 52 H7 20 20 0441 209 20 20 207 187
Yo 796 149 248 249 697 502 199 249 249 249 249 0995 547 299 299
Average a2 304 34 3838 384 209 378 221 516 465 475 56.1 282 622 5238 582

Table 2. Per-video results on the Temple-Color dataset [14] with 128 videos. The results are shown in terms of overlap precision (in
percent), which corresponds to the PASCAL criterion. The two best results for each sequence are shown in red and blue respectively. Our
approach achieves a significant gain of 3.6% in average overlap precision, compared to the best existing trackers (MEEM and SRDCF).
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