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Talk Overview

1. The need In production (Jeff)
2. The algorithm on the GPU (Lukas)
3. Integration into DNeg's pipeline (Simon)



About DNeg

« Started Iin 1998 with a team of 30 people. Now 1250 people approx.

o Latest film work was Interstellar

Offices In London, Singapore & Vancouver

R&D challenges have changed

Unigue challenges for handling of on-set data appropriate for GPU




/@l  WPART

* Intelligent Management Platform for Advanced Real-time Media Processes
 EU Research Project

* Two Industrial Partnhers

* Four Universities

FilmLight

DIGITAL FILM TECHNOLOGY




On-set Data Capture

« Data captured on-set vital for digital feature film post production

» Reference Photos, HDRIs, Panoramas, LIDAR, GPS, witness cameras, ...

* One use-case:. Photogrammetry

* FF6 required 8 hours to process on CPU

» IMPART provided opportunity to accelerate that as a POC initially in OpenCL
» Latest CUDA prototype means we can process same data in 1h on a laptop
» Allows for processing of material on-set!







Bundle Adjustment (BA)

3D reconstruction from stills (N cameras)
Optimization problem, solvable using MLE
Strives to reduce reprojection errors (in 2D)
Related problems in computer vision

Subtly different from SfM (one camera)
» Different from SLAM (reduces errors in 3D)



Bundle Adjustment as a Graph
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Graph Representation
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= vertices

 Represented by a sparse matrix
* Incidence (Jacobian) matrix A

* Adjacency (Hessian) matrix /A

* Has a block structure

edges

vertices




Variable Block Structure

m focal length radial distortion mmmmEmEmE rotation and translation

» Size of blocks In a single matrix
 Decompose camera blocks [Jeongl2]

» Solved on a GPU [Rennichl2, Tawaral?]
» Variable block size schemes

 Known at compile-time [Polok13]

* Applies to GPUs as well

Yekeun Jeong et. al., ,Pushing the Envelope of Modern Methods for Bundle Adjustment,” PAMI, 2012

Steve Rennich, ,Leveraging Matrix Block Structure In Sparse Matrix-Vector Multiplication,” talk on GTC 2012
Tetsuo Tawara, ,Levenberg-Marquardt Using Block Sparse Matrices on CUDA,” talk on GTC 2012

Lukas Polok et. al., "Cache efficient implementation for block matrix operations,"” HPC, 2013



Solving Bundle Adjustment

* (Damped) Gauss-Newton methods while

* Repeatedly solve for Au = r build linearized system (A, 1)
« Serial direct methods [Kummerlell, Kaess11] solve U= A /1

» Serial sparse factorization, backsubstitution if norm(u) < thresh

» Or parallel gradient descent [Wu2013]
 Easy to Implement, less numerically robust
* Implemented a parallel direct solver

done
update x=x ® U

Kummerle, Rainer, et al., ,g20: A general framework for graph optimization," ICRA, 2011
Kaess, Michael, et al. ,,iISAMZ2: Incremental smoothing and mapping using the Bayes tree,” |IJRR, 2011
Wu, Changchang. , Towards linear-time incremental structure from motion," 3DV, 2013



Solving Bundie Adjustment Quickly

AENEEEE
» A bipartite graph: 3D points not interrelated =======
 Can use Schur complement HEEEREe
e Maps well to GPU STEEEEEE
 Parallel matrix multiplication [Polok15] =======
» Parallel factorization of reduced camera system HEEENEEE
» Can be nested — =======
» Can use maximum independent set for explicit ordering HiIB T T T T

Lukas Polok et. al., ,Fast Sparse Matrix Multiplication on GPU," to appear at HPC, 2015
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Matrix Factorization Time
Comparison
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Matrix Multiplication Time
Comparison
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Fast Matrix Multiplication in SW

BlockMatrix A, B, C, D;
// lambda sections

typedef Typelist(Size<6, 3>, Size<5, 3>) BS;
typedef TransposeSizes<BS>: :Result BS T;
typedef TypelList(Size<3, 3>) D 1invSs;

// block sizes specifications

BlockMatrix BD inv, SC; // the results
BD inv = SpDGEMM<BS, D invS>(B, D invS); // calculate BD™
SC = SpDGEMM<BS, BS T>(BD inv, C); // calculate BDIC

Lukas Polok et. al., "Cache efficient implementation for block matrix operations," HPC, 2013



Fast Matrix Multiplication in HW

 ESC algorithm [Dalton13, Polok15]
* EXxpansion

« Sorting

 Compression

Steven Dalton et. al., "Optimizing sparse matrix-matrix multiplication for the GPU," 2013
Lukas Polok et. al., ,Fast Sparse Matrix Multiplication on GPU," to appear at HPC, 2015

Algorithm 1 Setup stage of PSpGEMM.

1: function GEMM(A. B)

Pyt O S ey Bty

o0

beols = ALLOCINT(NNZ(B))
bprods =IALLOCINT(NNZ(B) + 1)
kernel (: = 0. ..NNZ(B))
beois (1] =0
Fow.- = B.i[i]
bprods (i) = A.p[row +1| —A.p[row)
end kernel & the last element of byrgqs not initalized
kernel (: = 0...CoLs(B))
beois (B plii+1] —-1] =1
end kernel
beols = EXCLUSIVESCAN(begis)
birods. = EXCLUSIVESCAN(bprods)
exp=size ="boroas[NNZ(B)] > expansion size

39:
40:
41:

42;
43:
44

45:
46:
47:
48:
49:

SEGMENTEDSORT(€Xhf, €Xrows: €Xvalues )
tatl_blocks = [exp_size [block_size]
tail_counts = ALLOCINT(tail_blocks + 1)
b or reuse by, o4« Which is not needed below
kernel (i = 0...exrp_size — 1)
local int flags[block_size] > in local memory
ﬂﬂg‘slll . EK,_-“I,IJI] < Exr.‘uls[’. T l] or
€Xrows|l] < €Xrows|t + 1]
g = |i/block_size| > cooperating thread group
tail_counts|g] = COOPERATIVE_REDUCE(flags)
end kernel
tail_counts = EXCLUSIVESCAN(tail_counts)
product_NN Z = tail_counts|tail_blocks] + 1

Algorithm 3 Compression stage.

Algorithm 2 Expansion and sorting stages.

15:
16:
17:
18:
19:
20):
21

g =

-——

1=

24:

25:
26:
2
28:
29:
30:
31:
31.

33:

35:
36:
37
38:

€Xeols, = ALLOCINT(exp_size)
€Xrows = ALLOCINT(exrp_size)
€Xvalues = ALLOCFLOAT(exrp.size)
exXpr = ALLOCBIT(exp_size) © head flags bit array
kernel (2 = 0. .. (\ = (5l -hqrdu-arr “;_,.,q,i_‘:l}
begin = |exrp=size i /N]
count = |lexp=size - (14 1)/N| = begin
elemB = UPPER_BOUND(bprods. begin) — 1
col_skip = begin — by oas|elem B|
for (prod =0; prod < count; ++ elemB) do
rowB = B.i[elem B
elemA = col_skip + ﬁ.p[rrm’ﬂ]
endA = A.plrowB + 1]
while (elemA < end A and p < count) do
dest = begin + p
cur_col = Excuh[:h .-cf] ik bﬂ,h[t lem f)’]
€Xrows|dest] = Ali[elem Al
[‘x,m]m.,[fh _-uf] = :\.:\E[f le m.-l] . B.xlr le IHH]
(‘.'}{hrllfr .\'.f] = cur_col > hrulu[* lemB — l.]
++ elem A, ++ lf.ll'mf
end while
col skip = ()
end for
end kernel

&> skip in the first iteration only

50
51:
52:
53:
54:
55:

C.p = ALLOCINT(COLS(B) + 1)

C.i = ALLOCINT(product NN Z)

C.x = ALLOCFLOAT(product NN Z)

kernel (i = 0 ...exrp_size — 1)
g = |i/block_size] & cooperating thread group
col tail = eXcops[i] < €Xcors[i + 1]
elem_tail = €Xpows|t] < €Xrows|i + 1] or col_tail

local int flags|block_size]
flags[i] = elem tail
flags = COOPERATIVE_SCAN(flags)
compressed_inder = tail_counts|g] + flags/i]
if (elem _tail and 1 < exp_size) then
C.i[compressed_index| = i © write indices of
end if © reduced values of elements in expansion
if (col tail and ¢t < exp_size — 1) then
C.plexcois|t] + 1] = compressed_index + 1
end if © write positions of beginnings of columns
end kernel
C.p[0] =0 > need to write this explicitly
€Xyalues = SEGMENTEDREDUCTION(C.1, eXyalues )

> 1n local memory

kernel (i = 0 ...product NN Z)
expansioninder = C.i[i]
C.i[i] = Exru‘w:[' rpanston _tnde _."‘I
C.x[i] = exXyalues|€¢Tpansion_index]

end kernel

return C

6: end function




Fast Matrix Multiplication in HW

 ESC algorithm [Dalton13, Polok15]
* EXxpansion

« Sorting

 Compression

« 480 MFLOP/s (0.0336%)
 Blocks to the rescue!

Steven Dalton et. al., "Optimizing sparse matrix-matrix multiplication for the GPU," 2013
Lukas Polok et. al., ,Fast Sparse Matrix Multiplication on GPU," to appear at HPC, 2015

Algorithm 1 Setup stage of PSpGEMM.

1: function GEMM(A. B)

ot B8 S P ity

o0

— —
-
- )

f—
|

S

D

beols = ALLOCINT(NNZ(B))
byorods = ALLOCINT(NNZ(B) + 1)
kernel (: = 0. ..NNZ(B))
ht‘ul:ﬂ [l‘] =1
FOw = B.i[f]
bprods |t = A.p[row +1| —A.p[row)
end kernel & the last element of by, oqs not initalized
kernel (: = 0...CoLs(B))
beois (B plii+1] —1] =1
end kernel
beols = EXCLUSIVESCAN(beois)
bprods = EXCLUSIVESCAN(bprods)
ETP=S1z€.= bprud,[?\i NK{BJ] > expansion size

39:
40:
41:

42;
43:
44:

45:
46:
47:
48:
49:

SEGMENTEDSORT(€Xhf, €Xrows: €Xvalues )
tatl_blocks = [exp_size [block_size]
tail_counts = ALLOCINT(tail_blocks + 1)
b or reuse by, o4« Which is not needed below
kernel (i = 0 ... exrp_size — 1)
local int flags[block_size] > in local memory
ﬂugslll v EK{"II!I".] { Ex"’.‘lllﬁ-[’. T l] or
Exruws[j] < Xrows ['i‘ L 1]
g = |i/block_size| > cooperating thread group
tail_counts[g] = COOPERATIVE_REDUCE(flags)
end kernel
tail_counts = EXCLUSIVESCAN(tail_counts)
product_NN Z = tail_counts|tail_blocks] + 1

Algorithm 3 Compression stage.

Algorithm 2 Expansion-and sorting stages.

15:
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24:

25:
26:
2z
28:
29:

30:

37:
38:

€Xeols, = ALLOCINT(exp_size)
eXrows = ALLOCINT(exrp_size)
€Xvalues = ALLOCFLOAT(exrp_size)
exXpf = ALLOCBIT(exp_size) © head flags bit array
kemnel (i-=000 (N =-GPUpardware threads))
begin = |exrp=size i /N]
count = |lexp_size - (14 1)/N| = begin
elemB = UPPER_BOUND(bprods. begin) — 1
col_skip = begin — byoas|elem B|
for (prod =0; prod < count; ++ elemB) do
rowB = B.i[elem B
elemA = col_skip + ﬁ.p[rrm‘ﬂ]
endA = A.plrowB + 1]
while (elemA < end A and p < count) do
dest = begin + p
cur_col = Excu],[df .ﬂ"] = bcu[,[t lem ff]
€Xvmeeldest] = Alilelem Al
€Xyalues|dest] = A.x[elem A] - B.x|elem B]
UXhf|UESL]| = CUr LUt 2 Ugglg|tLETILD — 1|
++ elem A, ++ prod
end while
col _skip = ()
end for
end kernel

> skip in the first iteration only

50
51:
52:
53:
54:
55:

C.p = ALLOCINT(COLS(B) + 1)

C.i = ALLOCINT(product NN Z)

C.x = ALLOCFLOAT(product NN Z)

kernel (i = 0 ...exrp_size — 1)
g = |i/block_size] > cooperating thread group
col tail = Excul,[i] < Ext.u],[i - l]
elem_tail = €Xpows|t] < €Xrows|i + 1] or col_tail

local int flags|block_size]
flags[i] = elem tail
flags = COOPERATIVE_SCAN(flags)
compressed_inder = tail_counts|g] + flags]i]
if (elem _tail and 1 < exp_size) then
C.i[compressed_index| = i © write indices of
end if © reduced values of elements in expansion
if (col tail and ¢ < exp_size — 1) then
C.plexcois|i] + 1] = compressed_index + 1
end if © write positions of beginnings of columns
end kernel
C.pl0l =0 > need to write this explicitly
€Xyalues = SEGMENTEDREDUCTION(C.1, eXyalyes)

> 1n local memory

kernel (i =0 ...product NN Z)
expansioninder = C.i[i]
C.i[i] = cxmw,_[r rpansion _index|
C.x[i] = eXyalues|€¢Tpansion_index]

end kernel

return C

6: end function
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Estimating 3D reconstruction errors

* Important for practical use on-set
* Involves system matrix inverse (fully dense!)
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Estimating 3D reconstruction errors

Can calculate parts of the inverse [Bjorck96]

> Z .

1t R” SRR
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fts, k=i+t1. R, .20 k=i+1,R;.#0

Difficult to parallelize

A. Bjorck, ,Numerical methods for least squares problems,” SIAM, 1996



Estimating 3D reconstruction errors

Can update it incrementally very fast! [llal5] i

Viorela lla et. al, ,Fast Covariance Recovery in Incremental Nonlinear Least Square Solvers®, to appear at ICRA, 2015



Jigsaw

DNeg’s in-house tool to ingest and process data captured on-set
Handles photos, LIDAR, withess cameras, HDRIs, ...
Can dispatch processing jobs to the farm or locally (on-set)

Easy to extend
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@[ jigsaw : jigsaw J J'gsaw: ./FF6_REF_HELI_ SHOOT _v002.jgs

File Edit View S
Jigsaw : jigsaw
dng reader added
Version: 1.8.40-19-4

Loading prefs from |
Error loading stati

Executing startup s

connecting to shotg
done
sys.version_info(ma)

The following pytho

/pythonsScripts/TAUl
/pythonScripts/arc
./pythonscripts/ass;
/pythonscripts/ass.
/pythonscripts/bat
.fpythunEcriptsfexp]
/pythonScripts/exp

/pythonscripts/foc
/pythonScripts/foc
/pythonScripts/gig.
/pythonscripts/impi
/pythonScripts/ivy
/pythonScripts/ivy
/pythonScripts/ivy
/pythonScripts/ivy}
/pythonscripts/lis
.fpythunEcriptsflna]
/pythonScripts/loa

/pythonscripts/mea
/pythonScripts/mer
/pythonScripts/mov
/pythonsScripts/mov
/pythonScripts/new
/pythonScripts/pub
/pythonScripts/pub
/pythonScripts/ren
/pythonscripts/rod
/pythonscripts/run
/pythonScripts/sav
/pythonsScripts/sav
/pythonscripts/sca
/pythonScripts/sea
/pythonscripts/sea
/pythonScripts/sea
/pythonscripts/set
/pythonscripts/set
/pythonScripts/set
/pythonscripts/set
/pythonScripts/set
/pythonScripts/sna
/pythonScripts/sor
/pythonScripts/sor
/pythonScripts/tim
/tools/SITE/data/]1
/tools/SITE/data/]1
/tools/SITE/data/]1

End of imported scr

[




Questions ?

DNeg Is hiring!!! Join our teams In London,
Singapore and Vancouver (event next week!)

I[[K\K double negative visual effects
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