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Motivation

void generic_sort _array(vector<int> generic_array) {
sort(generic_array.begin(), generic_array.end());

}

Quicksort = existed for 50 years! Can we make it faster?
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Ouicksort

Source: https://fen.wikipedia.org/wiki/Quicksort
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2.
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quicksort:

pick a pivot p
(somehow)

swap elements such that
all elements less than
p are on the left and
greater than p are on
the right
quicksort(below pivot)
quicksort(above pivot)

/




Quicksort / \

quicksort:
1. pick a pivot p
(somehow)

2. swap elements such that
all elements less than
p are on the left and
greater than p are on
the right
quicksort(below pivot)
quicksort(above pivot)
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Can we do better?



https://docs.google.com/file/d/1bQ0XZaf8jcChaFh8enX7z6AvfHPWAmth/preview

Ouicksort Humor

INEFFECTIVE SORTS

DEFINE HALFHEARTEDMERGESORT (LIST ):
IF LENGH(LIST) < 2
RETORN LIST
PIVOT = INT (LENGTH(LIST) / 2)
A = HALFHEARTEDMERGE SORT (LIST[:PIWFJ;
B = HALFHEARTEDMERGE SORT (LT [PnoOT: ]
/1 MMM
RETURN[A, B] // HERE. SORRY.

DEFINE FRSTBOGOSORT(LIST):
// AN OPTMIZED BOGOSORT
/1 RONS IN O(N LoGN)
FOR N FROM 1. TO LOG( LENGTH(LIST)):
SHUFFLE(LST):
IF 1550RTED (LiST ):
REORN LiST
RETURN “KERNEL PAGE FRULT (ERROR (ODE: 2)"

DEFINE JOBINTERVIEWQUICKSORT(LIST):
0K 90 YOU CHOOSE A PIVCT
THEN DIVIDE THE LIST IN HALF
FOR EACH HALF:
CHECK To SEE IF ITS SORED
NO, WAIT ITDOESN'T MATTER
COMPRRE EACH ELEMENT To THE PWOT
THE BIGGER ONES GO IN ANEBW LIST
THE EQUAL ONES GO INTO, UH
THE SECOND LIST FROM BEFORE
HANG ON, LET ME NAME THE USTS
THIS 1S LST A
THE NEW ONE IS LIST B
PUTTHE BIG ONES INTO UST B
NOW TAKE THE SECOND LIST
CALL IT UST; UH, AZ
WHICH ONE WAS THE PIVOT IN?
SCRATCH ALL THAT
ITJUST RECURSVELY CAUS ITSELF
UNTIL BOTH LIST5 ARE EMPTY
RIGHT?
NOT EMPTY, BUT YOU KNOW WHAT T MEAN
AM T ALLOWED T USE THE STANDARD LIBRARIES?

DEFINE PANICSORT( LIST):
IF ISSORTED (LIST ):
RETURN L\ST
FOR N FROM 1 To 10000:
PINOT =RANDOM(0, LENGTH(LIST))
usT = UsT [Pvor: 1+ LisT [ : PvOT]
IF I5S0RTED(LST):
RETURN ULIST
IF ISSORTED(LIST):
RETURN UST:
IF 1SS0RTED (LIST):  //THIS CAN'T BE HAPPENING
RETURN LIST
I I550RTED (LIST): // COME ON COME ON
REURN UST
// OH TEEZ
// TM GONNA BE IN 50 MUCH TROUBLE
Lst=L1]
SYSTEM (“SHUTDOWN -H +5")
SYSTEM (“RM -RF /)
SYSTEM ("RM -RF ~/*")
SYsTEM(“RM -RF /)
SYSTEM("RD /5 /Q C:\*") //PORTABILITY
RETURN [1,2, 3,4, 5]

ALGORITHMS

BY (OMPLEXITY
MORE (OMPLEX — >
LEFPAD QUCKSORT GIT  SELF-  GOOGLE SPRALILING EXCEL SPREADSHEET
MERGE DRVNG SEARCH BUIT UP OVER 2D YEARS BY A
AR BACKEND CHURCH GROUP IN NEBRASKA TO
COORDINATE THER SCHEDULING




Samplesort (Quicksort with Multiple Pivots)

4 N

samplesort:

1. pick p-1 pivots
(somehow) and sort the
pivots

2. put each element in the
correct bucket

3. samplesort each bucket

\ /
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https://docs.google.com/file/d/1gcsApD53rbed7yC3gc0jjrFOotHIB2-d/preview

S u p er Sca | ar Sa m p | esort (830 ) (Samplesort with a Branchless Decision Tree)

‘. N

1. randomly sample aok-1
values and sort
a. pick k-1 of the
values to be
splitters
equidistantly from
the sorted sample
b. create a branchless
decision tree with
the splitters
2. put each element in the
correct bucket
3 s30 each bucket

Disclaimer: Use this for the general idea; some of the smaller details \\ /

may not be 1:1to the implemented algorithm.



https://docs.google.com/file/d/1uRf6cX2dnQeY87VRehDVGQklpF5bbgkR/preview

Super Scalar Samplesort (S%0)

Sorted Splitters:
|80|81 |32 [53 |54|55[s@|80‘

Decision Tree a:
IJ—[S3|31ISSISOISZIS4156|

(Samplesort with a Branchless Decision Tree)

s30
1.
< >
[< S(JIZ S0|< 91[* ‘11[< Sz|: 52|< S:z[: 9%[< S4|: 54|< 87[: Sa|< %IZ ‘v(>[> 36‘ L |
t t Lt J t Lt L
= S[0] = S[1] = S[2] = S[3] = S[4] = S[5] = 5[6] = S[7]
Fig. 1. Branchless decision tree with 7 splitters and 15 buckets, including 7 equality buckets. The first entry
of the decision tree array stores a dummy to allow tree navigation. The last splitter in the sorted splitter array
is duplicated to avoid a case distinction.
Eliminates branch
mispredictions!
. : , 2.
Notice: Not in-Place!

How can we modify this to be
in-place?

randomly sample ak-1

values and sort

a. pick k-1 of the
values to be
splitters
equidistantly from
the sorted sample

b. create a branchless
decision tree with
the splitters

put each element in the

correct bucket

s30 each bucket




| love gardening?

@ branchless decision trees Q

Q Al Images Videos News More v =# Search Assist (¥ Duck.al

© Protected v All regions ¥  Safe search: moderate v Any time v

‘;* Search Assist @ @

Generate an answer

Plants Craze

.
A https://plantscraze.com » trees-without-branch

Top 5 Trees Without Branch [Plant Ideas For Your Garden]

Sep 26, 2023 - Branchless arrangements with the plants are probably due to the adaptations of the
plants to fit well in the surroundings. So, go through this complete article to learn about the trees
without branches and how they support the whole plant.



In-Place Super Scalar Samplesort (IPS“0)

1ps4o:

1.

3
4.
\i

[similar selection step
with ok-1 values and
k-1 splitters]
each thread gets part
of the array to sort
into k bins of size b
a. 1f b is used,
replace it in the
original array
permutate the b-sized
blocks to get bins in
proper order
cleanup excess values
ips4o0 on the bins

created 1////



https://docs.google.com/file/d/1rEwX1qbnLM9nLV4xhIJCatOSZcxNb33Q/preview

Implemented Algorithms

a N a N

IPS“0 — in-place parallel 11S*0 — in-place sequential
superscalar samplesort superscalar samplesort

\ / \ /
/" IPS?Ra — in-place parallel I a I

superscalar radix sort (replace

branchless decision tree with

simple radix extractor function
that accepts uint keys)

11S?2Ra — in-place sequential
superscalar radix sort

- /




Theoretical Results - Summary

/ Memory Theorems \ / I/0 Complexity and Work \

IPS“0 has an I/0 complexity of
O(n/(tB)log,n/M)memory block
transfers with ability of at least 1 -
M/n.

IPS*o0 can be implemented with
O(kb) additional memory per
thread

With a local stack, IPS*o can be

e i G When using quicksort to sort the base

tlog.(n/n..) additional memor cases and the samples, IPS*o has
. / local work of O(n/tlogn) with
per thread

\\ / \i)bability at least 1-4/n /




Empirical Results - Setup

/ 21 SORTING ALGORITHMS \ /10 DATA DISTRIBUTIONS (Uniform, \ /

Exponential, AlImostSorted, RootDup,

Used implementations of: TwoDup, EightDup, Zipf, Sorted, 4 MACHINES
ReverseSorter, Zero) X
[Parallel OR Sequential] p o B 6 DATA TYPES
X (float, uint64,
[In-Place OR Non-In-Place] uint32, Pair,
X Quartet, 100B)

[Radix Sort OR

kComparison -Based Sorting]/




Empirical Results - Metrics

/ AVERAGE ALGORITHM SLOWDOWN \

r(AI)/ min({r(A’,I) | A’ € A)})

00 otherwise.

I €54(7),1e., Asuccessfully sorts I

far(A) = {

r(A, 1) = runtime of algorithm A on input |

S:z(.](A) = 1540) l_[ f:’{](A)
IeSa(I)

“The average slowdown of algorithm A for input | is
the geometric mean of the ratio of A's runtime on |

/ AVERAGE TYPE SLOWDOWN \

- {r(A.I,T)/min({r(A.I.T’)IT’ eTY)
T, A, =,

I €Sa(]), ie., Asuccesstfully sorts I

otherwise.

r(A, I, T) = runtime of algorithm A on input | with type T

“The average slowdown of type T for algorithm A
and input | is the geometric mean of the ratio of
A's runtime on | with type T to best type T' runtime

to the best algorithm runtime on | (which is infinity
\\ if the algorithm fails).” /

(Also uses pairwise profilers for directly
comparing two algorithms!)

with algorithm A and input | (which is infinity if the
algorithm fails).”

Note: average of all runs but the first!




Empirical Results - Sequential

uint32  Sorted 244 389 5773 242 2863 5353 196 139.13 634 4641 4493  29.91
Table 2. Average Slowdowns of Sequential Algorithms for Different Data Types and Input Distributions uinti2  ReverseSorted 140; 2060 1770 1470 609 837 03 @93% pol 108 2092 >7:28
8 q 8 yp P uint32  Zero 230 371 5944 228 228 37.19 206 619 898 2429 1403  3.05
o = w = - - s - uint32  Exponential 149 177 203 182 366 404 6.67 591 6.51 138  1.08  1.09
S & g 4 ° 2 s 5 5 3 ] = & uint32  Zipf 1.82 233 275 237 497 546 8.68 755 881 141 127 112
Type Distribution © X S W & 2 2 a4 < @a S 7 :
= ] 3 2 3 5 E = 2 s = 2 uint32  RootDup 141 192 246 215 184 297 148 754 3.8 158 177 118
= 2 a @ = g = @ = = uint32  TwoDuy, 209 256 267 252 48 511 559 594 595 134 144  1.09
o p
double  Sorted 105 170 2524 105 1290 2049 109 6242 281 2183 6261 pintiz, SEigbip Lot 0wt S0 EIES) Mes 00 il U
uint32  AlmostSorted 307 145 279 424 215 258 106 824 297 266 545 151
double  ReverseSorted 104 171 1428 106 509 593 107 2534 589 9.41 2522 : :
oitle. Zoro $o7 17 o196 iib 190 ides 108 572 B ta i uint32  Uniform 167 201 205 204 385 402 592 455 579 139 108 120
Total 178 193 239 232 337 393 409 647 545 154 167 1.16
double  Exponential 102 113 128 127 230 257 423 404 420 129 138 Rank 4 5 7 6 8 9 10 12 1n 2 3 1
double  Zipf 108 125 142 137 266 287 463 421 472 117 128
double  RootDup 110 150 183 165 144 230 132 601 3.12 190 269 Pair Sorted 106 162 1688 1.04 936 1467 104 3454 230 1751 10.48
double  TwoDup 17 133 137 141 248 265 2.96 342 320 1.07 1.22 Pair ReverseSorted 1313 121 847 1.08 3.65 419 112 13.71  6.60 6.86 4.87
double  EightDup 101 113 141 130 242 284 443 469 440 131 160 Pair Zero 109 161 1330 103 107 11.63 1.08 194 271 11.09 121
double  AlmostSorted 233 115 221 299 168 180 114 676 257 239 453 Pair Exponential 110 192 120 136 184 212 387 511, A4 T 1.05
double  Uniform 108 121 122 128 235 243 359 298 358 1.08 129 : :
e T W T T R TR T ) R Pair Zipf 148 272 164 186 264 283 502 387 5.0 1.46 1.01
Pair RootDup 127 144 178 184 142 216 183 470 4.05 1.69 1.03
Rank 1 2 4 5 7, 8 9 12 1 3 6 :
Pair TwoDup 163 281 169 192 271 284 3.62 345 435 141 1.01
uinté4  Sorted 117 178 2369 1.02 1194 1996 111 5540 2388 2664 7686 1333 Pair EightDup 127 219 145 159 214 247 450 395 481 1.56 1.00
uint64 ReverseSorted 1.03 1.63 1293 104 447 551 104 21.01 593 1046 2899 597 Pair AlmostSorted 320 1.01 279  4.00 2.18 239 234 656 455 3.24 1.74
uinté4  Zero 117 169 2143 106 114 1402 111 242 3.74 1740 2530 135 Pair Uniform 137 246 145 166 240 245 389 2838 426 117 1.03
uinté4  Exponential 106 122 137 137 228 264 452 382 451 121 174 105 Total 152 197 166 191 215 245 340 394 450 1.57 110
uintéd  Zipf 153 186 213 206 3.62 404 665 553 6.79 173 199 101 Rank 2 6 4 5 7 8 9 10 11 3 1
uinté4  RootDup 125 173 219 207 160 260 170 634 391 208 288 113 .
uinté4  TwoDup 173 207 211 217 356 388 454 465 493 158 266 100 g“al’(‘et Unitoim “; 1‘82 1.2‘; 1‘42 1‘83 1.82 3'13 2'12 3'?(2) l'of
uint64  EightDup 126 139 174 164 275 329 546 512 538 171 297 1.02 an
uint64  AlmostSorted 234 111 219 328 168 181 124 611 279 279 667 128 100B Uniform 141 127 127 164 183 133 222 178 317 1.06
uint64 Uniform 135 1.60 1.60 171 2.85 3.02 4.62 349 463 120 219 1.04 Rank 5 2 3 3 g 1 g 7 10 1
Total 146 154 188 197 251 295 356 490 456 169 274 107
Rank 2 3 5 6 7 9 10 13 1 4 8 1 The slowdowns average over the machines and input sizes with at least 2'* bytes.




Empirical Results - Sequential

11S?Ra is significantly faster than
the fastest radix sort competitor
SkaSort

In some cases, IppRadix is faster
11S?Ra outperforms for Uniform
inputs and Skewed inputs
significantly

In AlImostSorted and (Reverse)
Sorted inputs, BlockPDQ and
Timsort are faster

0.4 0.25
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Item count n Item count n

—e—115% BlockPDQ —4— 15%0 —+— SkaSort —— IppRadix - #- |152Ra

Fig. 11. Running times of sequential algorithms of uint64 values with input distribution Uniform executed
on different machines. The results of DualPivot, std::sort, Timsort, QMSort, and WikiSort cannot be seen as
their running times exceed the plot.



Empirical Results - Sequential

11S%Ra
IppRadix is the only non-comparison-based
algorithm to outperform 11S?Ra at least once
(for Exponential + uin32) but 11S? much better
in other scenarios.
Comparison-Based Algorithms:
o Much better in Uniform and Skewed
inputs
o Almost Sorted: Slower than BlockPDQ
m  BlockPDQ heuristically detects
and skips presorted inputs
m Butbeatsitin other datatypes
o Reverse Sorted: claims can be fixed
with an initial scan
SkaSort is faster on one machine for the
uniform input. It has more cache misses and
branch mispredictions. Can maybe beat
SkaSort if using vector instructions

-

11S“0

e (Outperformed by others most with
Reverse Sorted and Almost Sorted

(can be fixed with tricks)

-

IS

o

S

=

0.4

Running time / 8n logy n [ns]
o
A
e

o

o

o

I I
98 912 916 920 924 928 932 98 912 916 920 924 928 932

Item count n Item count n

—e—115% BlockPDQ —+— 1540 —+— SkaSort —— IppRadix - #- 115?Ra

Fig. 11. Running times of sequential algorithms of uint64 values with input distribution Uniform executed
on different machines. The results of DualPivot, std:sort, Timsort, QMSort, and WikiSort cannot be seen as
their running times exceed the plot.



Empirical Results - Parallel

Table 5. Average Slowdowns of Parallel Algorithms for Different Data Types and Input Distributions

§ =g g o ]
Type Distribution v: 2 o E é a K & 5 ﬁ <
& & £ ¢ B g B g 8 2 7
o = [ 3
= -3
double Sorted 142 1096 202 1547 13.36 1.06 42.23
double  ReverseSorted 1.06 134 198 1.76 11.00 3.01 5.34
double Zero 1.54 1283 180 1455 166.67 1.06 41.78
double  Exponential 1.00 182 197 260 320 1077 497
double Zipf 1.00 196 212 279 355 1156 5.33
double RootDup 1.00 154 222 2.52 3.88 5.54 6.28
double TwoDup 1.00 193 188 245 299 5.52 4.44
double EightDup 1.00 182 201 248 319 1037 5.02
double  AlmostSorted 1.00 173 240 512 218 354 6.37
double Uniform 1.00 2.00 1.85 2.53 2.99 9.16 4.39
Total 1.00 1.82 206 2.83 3.10 7.46 5.21
Rank 1 2 3 4 5 2 6
uint64 Sorted 145 1056 1.80 15.65 13.50 1.09 6.72 5624 33.08 8.83
uint64 ReverseSorted 1.17 142 223 2.01 12.27 3.40 1.34 8.07 4.65 1.76
uint64 Zero 1.69 1358 187 1502 171.86 1.13 136 51.61 3250 1.16
uint64 Exponential 1.04 174 210 2.62 341 1038 1.79 1.58 2.58 1.20
uint64 Zipf 1.00 182 216 2,69 3.60 1048 161 16.80 6.04 1.68
uint64 RootDup 1.00 147 224 2.52 3.84 5.78 1.59 9.89 7.00 1.54
uint64 TwoDup 1.07 191 2.04 2.54 3.20 5.83 130  10.00 3.89 1.34
uint64 EightDup 1.02 169 2.06 242 3.25 9.54 137 1245 5.00 1.44
uint64 AlmostSorted abyh b 188 273 5.75 2.54 4.15 1.36 9.84 5.87 1.55
uint64 Uniform 1.13 210 214 2.80 3.32 9.57 1.59 1.41 1.49 1.03
Total 1.05 179  2.20 291 3.28 7.54 1.51 6.17 4.07 1.38
Rank 1 4 5 6 7: 10 3 9 8 2

uint32 Sorted 1.77 1003 277 11.64 14.68 191 5.28 7.86 4.98
uint32 ReverseSorted 1.51 184 246 203 11.96 5.17 1.22 1.44 1.17
uint32 Zero 159 1594 195 1935 286.17 1.18 150 73.11 1.20
uint32 Exponential 1.31 285 234 3.68 455 17.62 1.57 2.02 1.02
uint32 Zipf 1.05 254 206 3.22 405 15.68 1.33 6.39 1.41
uint32 RootDup 1.09 178 226 2.62 3.92 6.16 1:37 7.50 1.42
uint32 TwoDup 1.40 318 232 3.59 435 9.10 1.24 1.83 1.02
uint32 EightDup 1.23 284 226 3.41 424 16.24 1.33 1.84 1.08
uint32 AlmostSorted 1.38 208 263 5.66 3.22 4.54 1.32 1.62 1.08
uint32 Uniform 1.41 3.26 228 3.68 445 1452 1.36 1.61 1.03
Total 1.26 259 230 3.60 409 10.75 1.36 249 1.14
Rank 2 6 4 7 8 9 3 5 1
Pair Sorted 139 938 182 15.05 1550 103 575 2015 5230 8.02
Pair ReverseSorted 1.09 147 2,06 222 10.46 3.15 135 3.21 8.24 1.77
Pair Zero 166 1410 177 1521 11830 1.08 121 1171 5452 116
Pair Exponential 112 177 222 2.76 3.09 6.92 192 107 952 139
Pair Zipf 1.00 1.62 2.04 2.53 2.79 6.30 1.62 7.35 9.87 1.77
Pair RootDup 1.01 158 2.08 2.81 3.84 4.88 1.58 435 1176 1.52
Pair TwoDup 1.02 167 202 244 2.96 4.10 1.43 4.88 7.54 1.48
Pair EightDup 1.02 159 205 241 2.83 6.01 1.40 6.98 8.81 1.57
Pair AlmostSorted 1.05 195 2.69 5.67 3.24 3.88 1.37 427 1094 1.65
Pair Uniform 1.08 1.81 212 2.62 293 6.15 1.67 1.20 5.36 1.04
Total 1.04 171 216 2.90 3.08 535 1.56 3.46 8.87 1.47
Rank 1 4 5 6 7 9 3 8 10 2
Quartet  Uniform 1.01 1.29 2.08 2.40 2.93 4.42

Rank 1 2 3 4 5 6

100B Uniform 1.05 114 214 235 3.18 3.55

Rank 1 2 3 4 5 6

The slowdowns average over the machines and input sizes with at least ¢ - 2! bytes.



Empirical Results - Parallel

Focuses on one machine (14x20)
because it had tasks with more than
n/t elements reqularly

IPS*0 has the fastest running times
and is faster than the fastest
comparison-based competitor PBBS
IPS“0 is significantly faster than its
fastest radix sort competitor
RegionSort (except for some uint32
cases)

Running time - t/8nlogy n [ns]
[V}
T

\
4 .
1.5 LS
\

I | | | | | | | |
217 921 225 229 233 0 217 921 225 229 233

Item count n Item count n

—e— |PS% «— PBBS —+— MCSTLbq - - PBBR - - RADULS2
- 4- RegionSort —e— |PS2Ra

Fig. 15. Running times of parallel algorithms sorting uint64 values with input distribution Uniform executed
on different machines.



Empirical Results - Parallel

IPS“o

e Much faster except for some easy
cases (Sorted, ReverseSorted,
Zero)and uint32 data types.
There's an overhead in detecting
easy cases.

e RegionSort is notable faster for
TwoDup with uin32 inputs.

e Notice: much faster than PS“o
(in-place helps!)

e RADULS2 is good for uniform
inputs but not as good if skewed.

IPS?Ra

Slightly better than RegionSort!
Outperforms IPS*o for uint32 instances —

branchless decision tree is not a limiting factor

for uint32

~
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Fig. 15. Running times of parallel algorithms sorting uint64 values with input distribution Uniform executed

on different machines.



Directions for Future Work

-

ENGINEERING

Use not in-place algorithms for

small inputs

Explore different base sorts
Precompute a lookup table?
Speed up with vector
instructions!

~

/

~

THEORY

More scalable variant of IPS“o with
span O(log”2 n)

Make it sublinear?

Formal verification of the algorithm

/




Strengths and Weaknesses

4 N (O N

+ Thorough comparison of
IPS“o with other sorting
algorithms - Lengthy, research-prototype

codebase

+ Promising results on their
analyses - Complexalgorithm, handles

many edge cases

+ Theoretical memory and
complexity guarantees

. AN )




Discussion Questions

e Turns out sort() did not get replaced with IPS*o (yet??). What will it take to
replace sort()?

o  Would it makes sense to have a very performant sort which is thousands of lines of code?
o Given that they implement tricks under the hood (ex: checking if there are patterns if it's in

reverse order or the same value many, many times), do you think that some of the benchmark
results could be misleading?

e What does it take to be the “best” sorting algorithm?



