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Object Detection Training a ConvNet Detector (Fast R-CNN) OHEM: Main Results (VOC07,VOC12, COCO)
Generally reduced to Image Classification: | Stochastic Gradient Descent (SGD) version: o s ot 0rear ered v B tamr  Tman Almethods use VGGT6
i L AN L - Generic paradigm used in most Region-based Object Detectors; e.g., R-CNN [Girshick et al., 2014], SPPNet [He et al., 2014], "RCN 07 66.9 RN > 65 7 Method kev:
Fast R-CNN [Girshick, 2015], Faster R-CNN [Ren et al., 2015], MR-CNN [Gidaris & Konodakis, 2015] etc. Ours 07 69.9 Ours 1 9.8 FRCN: Fast R-CNN [Girshick, 15],

MR-CNN: [Gidaris & Konodakis, 15],

Tralmg SEt ; Convolution Feature Maps FRCN oo /2.4 MR-CNN v 0.7 Ours: FRCN+OHEM
MR-CNN v v 07 /4.9 Ours v v 12 72.9 ’
Rol Poolin Rol Network ; Legend:
Laoyeroo : Fully ! cls Ours v v 07 751 FRCN U7++12 08.4 M: Multi-scale training & testing
- COLr;r;zied ﬂf FRCN 07+12 70.0 Ours 07++12 71.9 (from SPPNet),
= - Randomly sample a few Lo s Ours 07+12 746  MR-CNN v v 07++12 73.9 EAF'JG&%G bbox regression (from
- I t - .
\ images per batch (N=2) | | = jlen S MR-CNN v v 07+712 /8.2 ours v v 07++12 /6.3 07 mAP: VOC 2007 test
Region of - bbox Ours v v 07+712 789 ours v v +COCO 80.1 12 mAP: VOC 2012 test server
Heuristic
- This reduction introduces new Settin o - Heuristically sample Rols IntereNst (ROls) Mini-batch | p [ = I Foreach Ree Training set key: 07: VOC 2007 trainval, 12: VOC 2012 trainval, 07+12: union of 07 and 12, 07++12: union of 07, VOC 2007 test and 12, +COCO: a
g SGD mini-batch IR| = 2000 IRse1| = Batch Size
sroblems umque to detection S|idiﬂg-WiﬂdOW for mini-batch (B = 128) model trained on COCO trainval and fine-tuned on 07++12.
. 1:100, . . : :
_ —|uge imbalance b/w annotated (e.g., DPM) 00,000 COCO test-dev N 5 5 M O M Bells and Whistles: Ablative AnaIyS|S
- - - area urs UrS 1+ urs™ [+ Impact of Multi-scale & Iterative Bbox Regression
oreground (fg) objects & Region-based R : . 4 . e AP@IloU P g
- ol Sampling Heuristics for SGD Mini-batch .
Background (bg) examples eg, RCNN) | 0 PINg 050:095]  all 197 226 244 25.6 Mul-scale ™M) rerative 07 mAP
Ground-truth Regions of Interest (Rols) Rols: Background Rols: 050 all 359 425 44.4 46.0 Train ~ Test ~ BboxReg.(B)  FRCN  Ours
Bootstrapping to the rescue! - Rols with loU 2 0.5 with - Rols with max loU in [bg_lo, 0.5) 075 all 199 222 24.8 26.3 672 69.9
Referred to as Hard Negative Mining any GT - bg_lo used to approx. hard 0.50:0.95] small 3.5 0.0 /. /.8 Y o84 /1
Simple, yet powerful, algorithm: - Existed for at least 20 years! - Inspired by VOC eval. mining | | :O.SO:O.95: med. 18.8 237 26.4 27.9 ) i 08 727
1. Fix Training Set sung and Poggio, 1994 protocol - Sub-optimal: Ignores Rols with 0.50:0.95] large 34.6 37.9 38.5 40.5 71.9 741
' * trained on trainval. 4 67.7 70.7
Update Model - Standard way to deal with '¢:bg no GT overlap . r?me. fm ramva. Y v 686 1
> Freeze Model ‘mMbalance -bg Rols Ratio in mini- Standard Settings: - OHEM consistently & significantly improves performance , S o s
-ind Hard Negatives - Widespread use since mid-1990s for batch: _ fgbg = 13 (25% fq Rols/batch) - Best amongst methods W/VGG16.on the VOC leaderboard . . . S
3. lterate object detection T | | - Orthogonal to other bells and whistles
- Jo balance 'g:bg Rols - bg_lo =01
Shallow Neural Networks SVMs, LSVMs
i I [Sung & Poggio, 1994] [Dalal & Triggs, 2005] o . . .
Ob ,:Aglr-]tStaty . [Rowley et al., 1998] DPM [Felzenszwalb et al.,, 2010] U n d e rSta n d I n g O H E M OnllneR?maOrﬂgA?alrg :‘_?ﬂ;ﬁéﬁtﬁunsncs
eC etection 1 - - . . . Vi ini isti
IS IO T Boosted Deckion s Conviet Fetures + Su Online Hard Example Mining (OHEM) + SGD version: Ablation analysis and more  boLlo - 0.1 sed 10 mporoximate hard neqative rinine
Y [Dollar et al,, 2009] EPEENt [[ﬁ“hfkl 628'1"4]2014] Simple, effective, easy to implement, simplified (and improved) training, consistent and significant improvements! - +1mAP for VGGM, no impact VGG16
e e el al, . . . .
. . Experiment  Model N LR B Dbg_lo 07 mAP - Sub-optimal: ignores hard Rols (e.qg., paintings)
’ . ﬁ;l/eProoling ’Readc;nllly’ Rol Network Key |nS|9htS | VGGM : 59 6 - OHEM naturally doesn't reqUire this heuristic &
Why don’'t state-of-the-art detectors use Feature Map | oY s - Even though a few images are sampled (N=2), each FastR-CNN- e 2 107128 0 672 automatically selects hard examples
bootst ' ? AlRols | e image has 1000s of Rols. ~ VGG16 1 103 128 O 69.7
O015trapping anymore: Ray 2000 & | ) | o - Replace Heuristic Sampling with Hard Example OrE1I|ne Hlard VCGM 62.0 Whyjust hard when you Can see a_H?
Multi-stage pipelines are being replaced by end-to-end systems ] Sampling K(Aalr';?r? © D 103 128 0 ' Bigger batch, High LR
Multi-stage ConvNet Features + SVMs End-to-end COnvNet Detectors Rl — Batcheize JopoX o o f h del efficientlv to find hard .g VeGI6 09 - When using all Rols:
Trainin R-CNN [Girshick et al., 2014] Trainin Fast R-CNN [Girshick, 2015] e | Foreach Ran Diverse & Hard OWHO TTEEzE€ the MOdel eficiently to Tind har Removing  VGGM 5/.2 - Too many easy Rols (~0 loss) dilute the impact of
9 spPNet [He et al, 2014] J Faster R-CNN [Ren et al,, 2015] _ Mini-batch examples? hard mining 2 10° 18 0 useful (hard) Rols
Uy Tl | heurictic | VGG16 67.5 (hara)
Stage _ Stage2 , End-to-end ‘ Conneqted — - Forward-pass is already freezes the model, exactly - Need to carefully adjust the LR to account for a
D U AR I Loss & for one SGD iteration vaGls 1 100 128 oo larger batch-size
acroplane? no. o & +——— Shared Parameters > L Gradients oo : 0 063 - +1mMAP
person? yes. —— Forward-pass only i— How is it online? 1 ; 57.7 - OHEM outperforms this heuristic & is much faster to
A7 — SR o o Forward-pass and hi - Hard Examples sampling is performed inline with o hatch VGM 5 ax10= 2048 0 60.4 train w/o the need to tweak hyperparameters
R-CNN [Girshick et al., 2014] Fast R-CNN [Glrsh|cl< 2015] Backward-pass For ach Rnard Rol Network online SGD iteration Iggiegrh |_aRC I 1 67.5
Hard Negative Mining for SVMs  Stochastic Gradient Descent (SGD) 2 . —— | e afficient veGle - 3x107 2048 0 8.7
Diverse & Hard Mini-batch Sampler: S this efmcient: ‘ . SR
~ - Fewer images in a mini-batch leads to correlated Rols,
Why is standard bootstrapping not trivial in SGD? 1.~ Sort Rols based on loss  deedun ] gonlz/Netjforvvard—ba.ck\./vat}rdtpass and Rol Network Better Optimization unstable gradients and/or slower convergence
inA- i i . 2. Do non-max suppression for de-duplication ackward=pass femalh fntac Study the empirical training loss (mean loss per Rol) - For FRCN, -1 mAP for N=T1 (vs. N=2)
Bootstrapping: Training Object Detector: 3. Select top B (=128) Rols - Only addition is Rol Network forward-pass ! pdurmg mini—gbatch <GD ° NO impact for OHEM: demonstrates robustness
1. Fix Training Set - Trained using SGD R ) ) | ,
Update Mode] - Requires of iterations | | VGGM vGGle T ERON (he ot B, Lites)| | FRON (N1, veot, 5-2uis. Lisesy| - Using all Rols leads
S Freaze Model [~ Freezing the model slows training Starter codhe a.va.||ab|§é Ceurcic OHEM  Heurisic  OHEM —Ow Approc g 10-0 — O g (52151070 {0 lower training loss _background Ratio
Find Hard Negatives - As model becomes better, the problem Why use OH EM7 UPEIILIRE time (sec/iter) 013 022 057 087 P [ 1" | than other methods
3 [terate __ become worse _ Simple and easv to implement O max. memory (G) 2.6 3.6 6.4 7.7 R | g(’”\ 1~ OHEM results in - Standard fg:bg = 0.25
' e Yy P — . - 5 o1 5 01l lowest training loss (fiddling leads to -3%)
, o o Using Nvidia Titan X, gradient accumulation for VGG16 & T~ 2 int " fut
| I h | H - Simplifies training: reduces costly to tune LN T £ o PN | Vrv‘oeftso'?rgve‘gtfgrjte - OHEM chooses the
Need a purely online method to select hard hyperarameters. hy non-max suppression S £ oo | i theoretically qistributioq batsed on
examples, that plays nlcely with SGD. - Results in better training and higher performance. T SO7IORALED RO = LOATEIGTEC 1055 N Mage contents T
- Res. disparity = Loss double counting fterations



