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Motivation

A practical challenge of sketch-based applications faced by the community till date —

Existing sketch-models are large and lacks designs catering to
efficiency, and thus, are unfit for practical implementation.

Efficient photo networks with limited sketch understanding results
in lower accuracy on sketch-based applications.

We aim to produce to ensure
while
Issues Intuition
Sketch-specific designs.  Sketches are sparse and .
Performance vs. abstract —ideal for
Efficiency. compressing information. .
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Proposed Approach
Transfer performance from better
models to efficient ones.

Scaling input resolution.



Pilot Study

* Does sparsity help in lower resolution? — Let us consider the popular task, Fine-Grained Image Retrieval.

* Comparing the image-based retrieval task (FG-IBIR) A comm 0T % sketches
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* The percentage of sketches needing a higher input resolution for a perfect retrieval decreases
progressively.
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knowledge transfer from state-of-the-art models. _
Canvas-size selector



Our Framework

* Baseline: VGG16 backbone trained sketch-photo triplet loss as a
* SketchyNetV1: A smaller network MobileNetV2 trained with knowledge distillation.

* Supervision with traditional sketch-photo triplet loss.

* Knowledge Distillation of [/, distance as Lri = maxi0,m + (fs, fp) = 0(fs, fn)}
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* Trained using sketches rendered with varying
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Our Framework

* SketchyNetV2: GRU or LSTM as an adaptive and SketchyNetV1 student as critic.
* Sketch-vector s, for modeling p(c|s,) with wc followed by a linear layer (7).
p(c|sy) = softmax(W,, for + by)
* Sample from ¢prea ~ categorical([p(ci|sv), - ,p(cK|sv)]).
* Lower FLOPs refer to higher rewards. K oM
B Lp = Zﬂzl(qj ;) where, 7; = p(ci|sv)
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Experiments

* Datasets: QMUL ShoeV2 [1], QMUL ChairV2 [1], Sketchy Extended [2], FS-COCO [3]

* Competitors: Triplet-SN [1] * KD Baselines: B-Regress — uses a /, regression [8]
HOLEF-SN [4] B-AKD — uses spatial attention maps [9]
Triplet-RL [5] B-PKT — uses conditional probability [10]

StyleVAE [6]

. * Pruning Baselines: B-Thinet — uses filter level strategy [11]
Partial-OT [7]

B-Prune — uses convolutional pruning [12]
* Other Baselines: B-VGG16-SN—-VGG16 with Triplet-SN [1]

* Evaluation: Top-q accuracy for task performance and FLOPs for computation.
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Quantitative Results

Competitors

and baselines
adapted to our

framework.

State-of-the-Arts

Methods Canvas-size Params ShoeV2[1] ChairVv2 [1] Sketchy [2] FSCOCO [3]
cXc (mil)  Topl (%) Topl0 (%) FLOPS(G) Topl (%) Topl0 (%) FLOPS(G) Topl (%) Topl0 (%) FLOPs(G) Topl (%) Topl0 (%) FLOPS (G)

— 32x32 875 09.77 (P18194) 24.82 (J4674) 0.083  15.61 ({32:04) 29.86 (I54:38) 0.083 423 (PIN12) 12.58 (Y2318) 0083 076 U394 6.22(148)  0.083
= 64x64 875 17.63 (L11.08) 44.96 (126.60) 0338  30.25(J17.4) 54.21((30.03) 0338  9.68(45:67) 22.45(L1326) 0338  1.85(285) 7.33(13.69) 0.338
4 128x128 875 25.01 [370) 6235@921) 1397  40.61 (704 72.68 (PII56) 1.397 12.98 (J237) 29.63(16:08) 1397 3281 142) 159250  1.397
3 256x256 8.75 28.71 71.56 5.280 47.65 84.24 5.280 15.35 35.71 5.280 4.7 21.02 5.280
= SketchyNetV1 2.22  28.46 (L0:25) 69.01 ({255) 0833  46.28(L037) 8233 (L191) 0833  14.85(L05) 34.68(11:03) 0833  4.22(L048) 1833(J269) 0833
= SketchyNetV2 227 27.89(10.82) 68.76(12.80) 0264 4598(]1.67) 80.14(l4.10) 0294 1421(}1.14) 34.16(J1.55) 0321  3.98(J0.72) 17.64(13.38) 0.423
- 32x32 9.31 10.84[J2019) 27.28[(J485) 0.096  18.72 (I'34169) 31.68 (I'55:88) 0.096 6.01(L1069) 14.12 (F2478) 0.096 0.86 (T404) 6.93 ([L1478) 0.096
— 64x64 9.31 19.83(L11.91) 51.72(124.06) 0387 34.32(19.09) 56.46(L31.1) 0387 9.92(]6.78) 24.38 (L1452) 0387 2.11(J279) 7.86(J13.85) 0.387
E? 128x128 931 26.78(14.96) 66.28 (19.5) 1545 4574 (767 7559 (L11.97) 1545 13.81(1289) 33.68(d522) 1545 365125 1632(1539) 1.545
& 256x256 9.31 31.74 75.78 5.758 53.41 87.56 5.758 16.70 38.90 5.758 49 21.71 5.758
= SketchyNetVl 222 31.59(J0.15) 73.96(11.82) 0.833  5327(J0.14) 86.93(J063) 0.833 16.25(J045) 38.21(L0.69) 0833  4.56(1034) 1992(L179) 0833
T SketchyNetV2 227 30.86 (L0.88) 7256 (13.22) 0259  52.74(L0.67) 84.02(13.54) 0289 15.91(1079) 37.88(11.02) 0315 4.04(10.86) 18.63(13.08) 0.417

o 32x32 221 11.98 (@2202) 28.11 (US071)  0.142  20.53 (UB6I01) 32.50 (USTI02) 0.142 176 (Q2194) 3.88 (U647  0.142 - - -

= 64x64 221 21.28(J12:82) 54.71 (2411) 0577 36.00 ((2045) 57.33 ({32:28) 0577 3.04(L166) 6.79([356) 0577 - - -

= 128x128  22.1 28.83(4527) 67.84 (J10.98) 2299  48.38 (J:8.16) 77.25(41236) 2299  4.12(J058) 9.05(J130) 2299 - - -

_a__"j 256x256 221 34.10 78.82 6.041 56.54 89.61 6.041 4.70 10.35 6.041 - - -

Y SketchyNetV1l 222 33.88(10.22) 77.15(11.67) 0833  55.92(J0.62) 88.20(L141) 0833  459(L0.11) 10.21(J0.14) 0.833 - - -

= SketchyNetV2 227 33.26 (10.84) 76.84 (]1.98) 0.255 55.14 (41.40) 87.31 (12.30) 0.285 4.51 (10.19) 9.89 (10.46) 0.308 - - -

32x32 2537 12.68(123.79) 28.69 (153.14) 0.125 2248 (140.38) 32.10(159.04) 0.125 06.92(112.7) 16.25(129.53) 0.125 - - -

E 64x64 2537 22.93 (J13.54) 57.71 (124.12) 0.508 40.26 (422.6) 58.23 (132.91) 0.508 12.46 (17.16) 29.62 (L 16.16) 0.508 - - -

2 128x128 2537 30.91(15.56) 70.06 (P1177) 2.024  53.88(8.98) 78.64 (J12:5) 2.024 17.15(247) 38.84(1694) 2.024 - - -

% 256x256 2537 36.47 81.83 5.642 62.86 91.14 5.642 19.62 45,78 5642 - - -

= SketchyNetV1 222  36.11 (10.36) 79.63 (12.20) 0.833 62.23 (10.63) 88.95(12.19) 0.833 19.48 (10.12) 44.02()1.76) 0.833 - - -

@ SketchyNetV2 227 35.88(10.59) 78.46(13.37) 0251  61.95(J091) 87.68(l346) 0.281 19.10(J050) 43.57(]221) 0304 - - -
— 32x32 22.1 - - - - - - - - - 6.11 (1 18.05) 24.18(129.74) 0.196
= 64x64 22.1 - - - - - - - - - 12.32 (L1184) 37.65 (L1627) 0.687
5 128x128  22.1 - - - - - - - - - 19.61 (J455) 45.12(J88) 2876
= 256x256 22.1 - - - - - - - - - 24.16 53.92 6.512
E SketchyNetV1 2.22 - - - - - - - - - 23.89(4027) 51.29({263) 0.833
SketchyNetV2 2.27 - - - - - - - - - 23.77(10.39) 50.68 (13.24) 0.325
B-BFR 224x224 4.61 24,32 61.23 2.602 43.39 76.33 2.602 10.47 24.34 2,602 2.15 11.61 2.602
B-DRS Dynamic 9.36 25.12 68.84 5493 44,78 78.14 6.187 11.87 26.58 6.245 3.86 17.63 6.291
B-Crop Dynamic 492 20.32 52.12 6.562 35.07 57.68 6.597 08.27 20.19 6.629 1.98 09.67 6.688
B-Regress [8] Dynamic 2.27 22.82 61.33 0.261 3842 64.65 0.291 08.69 21.98 0323 2.07 10.15 0.375
B-AKD [9] Dynamic 2.27 23.67 64.26 0.268 38.61 71.88 0.295 12.67 27.71 0.331 291 14.01 0.392
B-PKT [10] Dynamic 2.27 2431 65.91 0.259 42.68 73.66 0.288 12.27 28.31 0317 345 16.22 0.372
B-VGG16-5N 256x256 14.71 33.03 78.51 40.18 52.16 84.08 40.18 18.61 41.25 40.18 5.16 23.62 40.18
B-ThiNet[11]  256x256 832 7.51(J25552) 2234 (I56:17) 9342 12.31 (39:85) 26.63 (I5745) 9342 3.16(I1545) 12.73(12852) 9342 0.65 [P451) 535 1827) 9.342
B-Prune [12]  256x256  6.17 3.92({29:01) 17.32(J6119) 8.138  7.98 (J4418) 19.82(J6426) 8.138 145(LI7.16) 8.22(Y33.03) 8.138 053 J463) 497 (1865 8.138
B-VGG16-SN SketchyNetV2 227 32.77(10.26) 78.21(103) 0254  50.75(L1.41) 8221(L1.87) 0283 16.55(1206) 38.66(1259) 0332  4.69(1047) 21.76(L1.86) 0.407




Analysis

* Exemplary sketch rendered in different input
resolutions.

* Adaptive Canvas Selector provides a tradeoff
between performance and computation.

Ablative Study

* Ablation on different objective functions.

* Ablation on different backbones.

* Ablation on different sketch encoders for canvas-
size selection.
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Type FLOPs Params ShoeV?2
(G)  (mil) Topl (%) ToplO (%)
? B-VGG16-SN 40.18 14.71 33.03 78.51
| w/o rank ' -reward 0.173 25.31 64.36
I wio LR reward 0182 227 2778 69.32
I w/o Lg-reward 0.833 32.91 78.39
IV ResNetl8 backbone 1.451 11.18 26.72 68.18
\Y4 EfficientNet backbone  0.459 4.01 29.47 72.04
VI  Image-based v 5.730 7.62 32.21 77.68
VII Offset s, 0.255 2.27 32.61 78.40
VIII Decoder-LSTM 0.268 2.25 31.41 77.32
IX  Decoder-Tf 0.314 2.34 31.98 78.02
SketchyNetV2 0.254 2.27 32.77 78.21




Ablative Studies

* Ablation on the performance of SOTA strategies with different input resolutions.

Canvas Triplet-SN Triplet-RL
SIZ€  ropl (%) Topl0 (%) FLOPs (G) Topl (%) Topl0 (%) FLOPs (G)
32% 32 10.91 26.65  0.083 12.97 31.08  0.142
64 % 64 19.04 4812 0.338 22.96 5623 0.577
128%128  26.07 6387 1397 3004 7295 2299
256%256  28.74 71.68  5.280 34.21 7724 6.041

* Ablation on the performance of different backbones as student-teacher pairs.

Sty MobileNetV?2 EfficientNet ResNet-18
Ta. Cne
“Cher Top-1 FLOPs Top-1 FLOPs Top-1 FLOPs

VGG-16 32.77% 0.254G  2947% 0.459G 26.72% 1.451G
Inception-V3 27.89% 0.264G 27.16% 0.461G 2531% 1.452G
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