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Semisort

Goal: Given a list of records A and a key function mapping each record to a key h,
we want to produce an A’ such that all records with the same key are contiguous.

11,2,1,1,3,4,5,7,3,3,3,7,6] -> [2,1,1,1,3,3,3,4,5,7,7 6]

Can be done efficiently using hash tables and has been heavily explored in
parallel algorithms literature

- However, efficient descriptions of semisort are rarely implemented



Why do we want semisort?

Core application: Collect and Reduce Algorithms

- Collect all elements of a particular key, map them to respective values, and
reduce them
- Specific case: Generate histogram of your data

Generally useful in many parallel algorithms

- Many currently opt to use a parallel sort at the moment to resolve semisort,
which is less work efficient



The Primary Competitor: GSSB

Designed 8 years prior

Only know implementation satisfying
A Top-Down Parallel Semisort

- O(n) work and space

Yan Gu Julian Shun Yihan Sun

- O(logn) span oG muen  EnBosamueds.  yhanw@osomu.eds
. . - Guy E. Blelloch
- Both with high probability Curnege Wadon Unsersty

Unfortunately, has not been widely used



GSSB Specifics

Core Steps

1.

Sample keys with rate= O(1/logn) and sort
(in parallel)

Break heavy and light keys

Randomly scatter records into their
corresponding buckets

Semisort the light buckets

Pack all results together

Algorithm 1 Parallel Semisart

Input: An array A with n records each containing a key,
QOutput: An array A storing the records of A in semisorted
order.

1:

Hash each key into the range [n*] (k > 2)

2: Select a sample S of the hashed keys, independently with

probability p = (1) log n),
Sort 5,

+ Partition S into two sets H and L, where I contains

the records with keys that appear at least § = @(logn)
times in 5 (heavy keys), and L contains the remaining
records (light keys).

: Create a hash table T" which maps each heavy key to its

associated array.

: Heavy keys:

(a) For each distinct hashed key in ff allocate an
appropriately-sized array for it.
(b) Insert the records in A associated with heavy keys

(which ecan be checked by hash table lookup in T)
into their associated array.

: Light keys:

{a) Evenly partition the hash range into {n/ log” n)
buckets, and create an appropriately-sized array for
each bucket by counting light kevs in &,

(b) Insert the records in A associated with light kevs
(which again can be checked by hash table lookup
in T) into a random location in the array of its
associated bucket.

(¢} Semisort each bucket.

: Pack all of the arrays into a contiguous output array A




Core Issue: Random Access and Inflexibility

Scattering places each record in a random place in its corresponding array

Not IO efficient
Requires more space to be allocated
Done to have placement be in parallel

Also Inflexible

Requires all keys have a unique hash id
Requires removing collisions before running
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Parameters

nL = Light bucket count
nH = heavy bucket count
n = total problem size

n’ = subproblem size

| = subarray size

Input:
A[l..n] input array of records in universe U
K key type of records
key(-)  key:U K extracts the key of a record
=K (or =) equality test on keys
<K (or <) less-than test on keys
h(-) user hash function; h : K + [0, n*]
Tunable Parameters:
[ subarray size
a base case threshold
np =2% number of light buckets
Other notations used in the algorithm and description:

n' problem size of the current recursion

S the set of samples. |S| = ny logn
ny number of heavy buckets, ngy = O(np)

H heavy table; Maps heavy keys to bucket ids
C counting matrix

X (column-major) prefix sum of C

Table 1: Notations and parameters used in our algorithms.



The Paper’s Approach: Sampling and Bucketing

1. Sample nLlogn’ keys

a. nL is a parameter, not simply O(n/log”"2n) Algorithm 1: The Semisort Algorithm
. . Input: The input array A, a user hash function b, and a comparison
i. Enables tuning, paper found 2*10 was best function comp (= or <), The original (top-level) input size is
] n, and the current subproblem size is n'.
Output: The semisort result in A (in-place)
2' Setup Ilght bUCketS Parameters:m; = 2*‘:1'u|.r.|1'[:»:1'1:|I’J.1'ghl:tI buckets.
a. If key appears less than logn times rearwikisuan
1 if [A| < o then return BaseCase(A, h, comp) / Base cases
b. Key k maps to bucket h(k) mod nL Sampling and Bucketing:
1 5+ nplogn’ sampled keys from A
3 " Setu p h eavy keyS 3 Count the occurrences of each key in §
a. Key appears logn times or more e he ey tahie
H H H & This for-loop can also be performed in parallel theoretically
b. Map keys to their bucket id in H for later © for each distt ey 4 o
H if th fkin 5 is at beast | th
4 . NOW have n L + n H bUCketS & ;‘:‘;:T{:":;}“ ! .-'ﬁ'flsﬂ;: b:f.l.:: r;e“m heavy key k
] id — id +1

w Ry +— number of distinet keys in H

Stepl: Sample and Bucketing. Take samples to decide heavy keys.  Samples: Heavy keys: [2] [3]
Sampled? / v VvV v [5] x1 [2] X3  Bucket 0 (light): last bit=0 Bucket 2 (heavy): key=2
nputA [3[3/2/6/4|5/1|3|2]/6/2|5[3]/2|5]|2] (6] x1 [3] x3 Bucket 1 (light): last bit=1 Bucket 3 (heavy): key=3




The Paper’s Approach: Blocked Distributing

w gy +— number of distinet keys in H
Blocked Distributing:

1. Partition n’ into | n’/l sub arrays n lmmliz'tf_m-n‘rrunwi;hsue{n:ﬁnm:ctn'm
1z parallel_fori:0 < i < n'/l do M Far each subarray
2. Count occurrences of bucket C for each wo| forjii-l€j<(i+1)-1do
n id +— GeTBuckETInl key (A i), H. B np )
SU barray O] #d ): #records falling inte bucket id in subarray i
T . , Clil[id] = C[i][id] +1
3. Initialize an array T of size n 15 Initialize T of size n”
HXE[1]LF]: offset in T for record in subarray | going to bucket |
4. Compute offsets per subarray per Compute X[11[7] = X< par (=pect) IV 1L
w parallel fori:0 < i< ng+ngy do
bucket X v | offsets]i] + X[i][0]
. . 1= parallel_fori:0 < i < n'/ldo M For exch subarray
5. Move each record to its corresponding w | forjii-15j<(i+1)-Ido
. o id — GerBuckerlo(key(A] f]), H. b mp)
bucketin T " T(X[i[#d]) — ALj]
= X[i1[id] — X[i]]id] +1
B3 AT A Avolded in implementation, see Sec. 3.4
Step2: Blocked Distributing. Compute arrays C and X. Cj; = Count Buckets Prefix Buckets Implies the exact size
#trecords in subarray i falling into bucket j. X;; = the (column-major) Aprayc |0 1 2 3 Aprayx |0 1 2 3 of each bucket:
prefix-sum up to C;; (exclusive). Work on all subarrays in parallel.  “Sybarray0[1,0 1 2 Subarray0|0 3 7 12 = T[0..2] :BucketO
lnput4 |3 3 2645132625325 2 ) Subarrayl|/1 2 0 1 Subarrayl|/1l 3 8 14 T[3..6] :Bucketl
Bucketid |3 3 2 0j0 113|202 1|3 212 g}g Subarray2{1|1 2 0 Subarray2{2 5 8 15  T[7..11] :Bucket2
Subarray O Subarray 1 Subarray 2 Subarray 3 giﬁ. Subarray3|0Y1 2 1 Subarray3|3 6 10 15 T[12..15]: Bucket 3
E.g., A[0] = 3isin subarray 0 and bucket 3, itwillgoto gFlo (X computes the prefix sum of C by column-major)

A

index Xo3 = 12in T = » ArrayT [6]4]6]5[1[5[5[2]2][2]2]2]3]3]3]3]




The Paper’s Approach: Local Refining

1.

In last step, recursively semisort
light buckets in parallel

Base case is decided by parameter

a
a. Tunable, aiming to ensure our data fits
in the cache
b. Semisort=: Semisort using hash tables
with chaining for stability

c. Semisort<: Uses a standard comparison

sort
As an added optimization, one can
recurse on T and store the result in
A

B AT & Avoided in implementation, see Sec. 3.4
Local Refining:

z4 parallel fori:0 < i< n; do & Only for light buckets
s | Semisort(A[offsets[i]..offsets[i + 1]], h, comp)

z6 Teturn A

27 Funetion GeTBuckeTIn(k, H, h,ng )

28 if k is found in H then return the heavy id of k in H

29 else return h(k) mod np A h(-}) is the hash function

GetBucketld is more
relevant for the last page
but enables one to quickly
get the bucket id for a key



Analysis: Work

THEOREM 3.2. The work of semisort= is O(rn) whp. The work of
semisort< is O(rn + nlog a) whp.

e O(n) work in sampling and bucketing.

e C and X have O(n) size if nL < |, and distributing them also takes O(n) work.

e Each recursive step breaks into nL O(n/nL) subproblems, and so does O(n)
work.

e \We therefore have O(rn) work before base case.

o For semisort=, the base case is O(n) work.
o For semisort<, the base case is O(nloga).



Analysis: Span

THEOREM 3.3. The span of semisort= is O((l+nr log n)r+a) whp.
The span of semisort< is O((l + ny log n)r + log n) whp.

e Bucketing and Sampling is sequential (O(nLlogn) span, though can be
parallel)

e Blocked distribution has O(l) span due to parallel for loops and prefix sum
incurs O(logn) span.

e O((I + nLlogn)r) span before base cases

o Semisort=: Sequential hash tables, so O(«)
o Semisort<: O(logn) span due to sort (though this implementation is sequential)



The Algorithm’s Successes

Flexible interface

- Doesn’t require a collision-free hash to get bucket ids since heavy key bucket
ids are determined by the key themselves, not h(k).

Lower space usage

- No need to lower load factor for random scattering, so usage is n
- 10 efficient by using smaller nL so C and X fit in cache

Stable and race free

- GSSB has races due to parallel hash tables and is unstable, preventing some
collect reduce functions



Experimental Results: The Competitors

GSSB
Samplesort

- Quicksort with many pivots
- ParlayLib and IPS40

Integersorts

- Compare to parallel integer sorts in ParlayLib, RegionSort, and IPS4Ra



Results: Comparisons
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Results Per Distribution

Any input type Integer input type
Ours.Ou PI.SS IPS‘o Ours-i. Ours-i. PLIS GSSB RS IPS’Ra

1.36 1.16
149 111

147 115

LA R S s’ AVG = Geometric Mean



Results: Applications

Graph Transpose

- Equivalent to semisorting CSR
- Semisort=is the fastest on average, and is at most 15% slower

N-grams

- Processing groups of n consecutive words
- Semisort= is fastest



Strengths, Weaknesses, and Next Steps

Strong analysis and results

- Flexible and practical design
- Good results on simulated and real-world inputs

Some minor weaknesses

- Could better explain how certain design choices resolve issues in GSSB
- Hard to compare the actual strength with so few semisort specific implementations
- Tunable but not the best parallelism (O(n/l) versus GSSB’s O(n/logn))

Future Work

- Include changes from IPS40 to make the algorithm further in place.
- Experiment with a non-cache aware implementation with a simpler base case



Discussion Questions

1. Where else do we see potential applications for semisort or
collect-reduce?

2. Are the comparisons with pure sorting algorithms appropriate
here?

3. Do you see this algorithm as likely to be implemented and used
in practical applications?
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