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Introduction
Optical flow / visual correspondences
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Dense 2D displacement fields

Overlaid reference and target image

Related work: cost volume filtering

1) Correlation: C(’U,, vy y) - F’"fff ((13, y) * Fiar ((B T U, YT ’U)a C('Ua, v, &L, y) € RUXVxHxW
UxV

Target 1image

Reference image

l, 2) Filtering / Optimization
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selection Dense 2D displacement fields

Contributions

‘Efficient higher-dimension (4D) cost volume processing
Separable volumetric filters: reduce computation and parameters
Multi-channel cost volumes: capture multiple dimensions of pixel similarity
Adaptive cost volumes allow networks to generalize across tasks: train and test a
single network for both tflow+stereo

- Results
SOTA accuracy on optical flow benchmarks
Training converges i up to 10X fewer 1terations than prior art

Gengshan Yang', Deva Ramanan'~

Carnegie Mellon University', Argo A

Approach
Key 1dea: 4D filters
Prior method Ours

1) reshape to C(d, £z, y) ~ RUVXHXW 1) keep C(u, v, T, y) c RUXVXHXW
2) multi-channel 2D convs with W € RYV*3x3 2) 4D convs with W € R3*3%3x3
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C(d) — ZEJ:VI' W C(Z) C(“? ’U) — Z?:l Z?’:l w(u,v)%(i,j)C(iaj)

Separable filters Multi-channel 4D cost volumes
K(u,x) * C(u,x) = Kyra(u) * [Ks(X) * C'(u, x)] Ci(u, v, z,y) Fi(z,y) - F1(z+u,y+v)
CQ(ua v,m,y) B F2(may) °F’2(33 T U, Y T ’U)
4 CK(uavamay) FK(Q%Z/) °F,K(£U+'U,,y+’v)
4 : . ' - Target image
spatial convolution winn convolution . EEERHEL R T T L
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Flow Hypotheses & Uncertainties

Pyramid Feature
CHW)XK, HW)XK

: Coarse Prediction ‘
Siamese Network 2, H,W) \I
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E'Hypotheses Selection
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Fine-scale Features Cosine Similarity N l § e
d,HW)x2 T ﬂ """""""" ﬁ" ﬂ
Volumetric U-Netl,E » )
AER - B X

Multi-channel Residual Cost Volume Fine Prediction

(U,V,H,W)x K (2, H, W)
Stage 3: Soft Selection

Stage 1: Cost Volume Construction Stage 2: Processing

a Volumetric Correspondence Networks for Optical Flow

Code available:
github.com/gengshan-y/VCN

Experiments
Benchmarks
Train Methiod K-15-train K-15-test S-train (epe)l  S-test (epe)l Pafiii. GFldtE T
dataset Fl-epe|l Fl-alll Fl-alll] D1-all' | | Clean Final Clean Final
Pre-train: FlowNet2 10.08 30.0 - - 2.02 3.54 3.96 6.02 | 162.0M  368.3 7100K
Clhai‘rq ' PWC-Net 10.35 S0l : 23:30 2.55 3.93 - - 8.8M 101.6 1700K
.(l “ HD"3F 1317 24.0 - - 3.84 8.77 : - 39.6M 174.8 -
b Ours-small 043 334 : 1312 | 245 363 - : 56M 410 220K
TS Ours-full 8.36  25.1 : 8.73 | 221  3.62 : : 62M 1017 220K
FlowNet2 (2.30) (8.6) 11.48 - (1.45) (2.01) 4.16 5.74 | 162.5M  368.3 +500K
Fine-fune: PWC-Net+ (1.50) (5.3) FORTE 0.17 (1.71) (2.34) 345 4.60 8.8M 101.6 +750K
IlilgT’lIl‘lllf LiteFlowNet2 | (1.47)  (4.8)  7.74 i (1.30) (1.62) 3.45  4.90 . i i
or IRR-PWC (1.63) (5.3) 7.653 : (1.92) (2.51) 3.84 4.58 6.4M - +750K
S(intel) HD"3F (1:31) (4.1) 6.552 - (1.87) (1.17) 4.79 4.67 39.6M 174.8 -
’ Ours-small (1.41) (5.5) 7.74 6.10 (1.84) (2.44) 3.26 4.73 5.6M 41.0 +140K
Ours-full (1.16) (4.1)  6.30q 4.67 (1.66) (2.24) 2.81y 4.40, | 6.2M 101.7  +140K

* Metrics: Fl-epe 1s the average end-point (L2) error of optical flow vectors; Fl-all and D1-all are percentage of flow/stereo predictions with

error less than some threshold.

Generalize: 1D to 2D disparity

Application: stereo matching

30- : - omnsmmn | WIth Imperfect rectification
- @ Qurs-small-ft stereo-train
e PW(C-Net-ft flow-test
25 - ‘ ‘ —+— Ours-small-ft flow-test Method avgerr (pX) lﬂC(%)
N/ ' x|/ w— Qurs-small flow-test
. i perfect imperfect
E{ SGBM2 14.51 15.89 9.5
5 . ELAS 9.89 11.79 19.2
= A PWC-Net  9.41 9.92 5.4
Ours 9.03 8.79 -2.7
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PWC-Net (pre-trained on synthetic flow) Ours-small (pre-trained on synthetic flow)

PWC-Net-ft (fine-tuned on real stereo)

Ty

PWC-Net-it (disparity prediction)

- Ablation
Ours-small-ft (fine-tuned on real stereo) Method EPE (pX) J, GFIOPS # Params.
DenseNet-2D 2.064 29.9 8.2
Ours-full-4D 2.30 92.9 1.83
Ours-small-ft (disparity pred et Ours-sep-4D 2.31 23.4 1.78
Ours-final 1.73 28.5 2.94
Ours-K =1 2.05 27.8 2.94




