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ABSTRACT

In this paper we examine text indexing on the Cell Broadband
Engine™ (Cell/B.E.), an emerging workload on an emerging multi-
core architecture. The Cell Broadband Engine is a microprocessor
jointly developed by Sony Computer Entertainment, Toshiba, and
IBM (herein, we refer to it simply as the “Cell”).

The importance of text indexing is growing not only because it is
the core task of commercial and enterprise-level search engines, but
also because it appears more and more frequently in desktop and mo-
bile applications, and on network appliances. Text indexing is a com-
putationally intensive task. Multi-core processors promise a multi-
plicative increase in compute power, but this power is fully available
only if workloads exhibit the right amount and kind of parallelism.

We present the challenges and the results of mapping text indexing
tasks to the Cell processor. The Cell has become known as a plat-
form capable of impressive performance, but only when algorithms
have been parallelized with attention paid to its hardware peculiarities
(expensive branching, wide SIMD units, small local memories).

We propose a parallel software design that provides essential text
indexing features at a high throughput (161 Mbyte/s per chip on
Wikipedia inputs) and we present a performance analysis that details
the resources absorbed by each subtask. Not only does this result af-
fect traditional applications, but it also enables new ones such as live
network traffic indexing for security forensics, until now believed to
be too computationally demanding to be performed in real time.

We conclude that, at the cost of a radical algorithmic redesign, our
Cell-based solution delivers a 4x performance advantage over recent
commodity machine like the Intel Q6600. In a per-chip comparison,
ours is the fastest text indexer that we are aware of.

1. INTRODUCTION

The rate at which we globally produce new information [1] creates
a strong need for fast information indexing. Not only new contents
appear every day, but most contents are dynamic and require frequent
re-visitation and re-indexing to keep indexes up to date.

These tasks, by today’s standards, demand a huge amount of com-
putation. A technique to perform indexing inexpensively can impact
not only traditional domains but also revolutionize new ones, like net-
work security forensics. Analysts are contemplating live network traf-
fic indexing, a concept that hasn’t turned into a practical implementa-
tion because of its computational cost.

With the multi-core revolution, processors are offering increasing
amounts of parallelism: more and more Thread-Level Parallelism
(TLP) and Data-Level Parallelism (DLP) in addition to Instruction-
Level Parallelism (ILP). The number of cores per chip is growing, and
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use of Simultaneous Multi-Threading (SMT) and SIMD units (Single
Instruction, Multiple Data) is becoming more common.

Commercial search engines perform indexing on large clusters of
processors employing a programming model (MapReduce [2]) that
hides the complexity of domain decomposition, communication, syn-
chronization and fault tolerance. Among the different forms of par-
allelism, DLP is the one that traditional programming models neglect
the most. This causes a sub-optimal resource utilization in contempo-
rary hardware, and an even worse utilization in future hardware that
has wider SIMD units. Contemporary commodity hardware often has
128-bit wide SIMD units (i.e., the Intel Core 2 chips and the Cell [3]
chip). Future architectures will feature 256-bit or 512-bit wide SIMD
units, like Intel AVX [4] and Larrabee [5], respectively.

Our work addresses precisely this gap. We propose text index-
ing techniques that use all levels of parallelism, including DLP. We
present and characterize an indexer software design for the Cell pro-
cessor [3, 6, 7], a good example of a data-flow-oriented platform that
offers a significant amount of DLP.

The Cell is a 9-core chip: a traditional PowerPC (called Power Pro-
cessing Element, or PPE), and eight other worker cores called Syn-
ergistic Processing Elements (SPE [8]). The PPE and the SPEs have
128-bit wide SIMD units. The Cell has a deserved reputation of being
difficult to program because of the spartan architectural features of its
SPEs: small, non-coherent per-core scratchpad memories, and sim-
ple branch predictors with high misprediction penalties. The SPEs do
not run irregular, control-dominated code well. On the other hand,
the missing features that the SPEs lack are power-hungry (caches,
dynamic branch prediction, hardware speculation', cache-coherency,
out-of-order execution). As a consequence, the Cell is the most power-
efficient chip for high-performance computing. Cell-based machines
occupy the first seven positions of the Green500 List [10]. RoadRun-
ner [11], one of them, is currently the most powerful supercomputer in
the world [12]. In light of these considerations, it still makes sense to
redesign a workload like text indexing, that is traditionally composed
of control-intensive, inherently sequential tasks, into a data-parallel
model, despite the high development effort required.

The relevant contributions of this article are: a radical rethinking
of text indexing tasks in terms of data-parallel algorithms that are
amenable to a SIMD implementation; a proof-of-concept optimized
implementation that achieves an impressive end-to-end throughput;
and a correspondingly detailed performance characterization.

This paper is organized so that the most relevant results are sum-
marized in Section 4. The following sections delve into the details of
the subtasks that compose indexing, and they can be skipped at a first
read.

'0n the Pentium 4, an architecture with aggressive hardware speculation, 26%—45% of
the decoded micro-ops are discarded [9].
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Figure 1: The tasks of search engine’s indexer, illustrated on an example. The tokenizer splits the input texts in a stream of tokens.
The inverter generates a per-document sorted inverted index. The merge phase generates a global index, with postings coming from all

documents.

2. TEXT INDEXING BASICS

We now provide an introduction to the fundamental concepts of text
indexing for readers unfamiliar with information retrieval topics.

A search engine performs two tasks: indexing and searching. In
general terms, indexing consists of constructing the index of a collec-
tion of documents; searching consists of using this index to produce a
list of documents matching a user’s query, sorted by decreasing rele-
vance. For the purposes of this work, we focus exclusively on index-
ing.

At a conceptual level, indexing comprises three stages: tokeniza-
tion, document inversion, and index sorting. Figure 1 illustrates these
stages with an example. The documents at the left side of the figure
represent the input collection; the black arrows are compute stages;
the final output index is at the right side of the figure.

Tokenization splits the input text into tokens, such as natural lan-
guage words, URLs, e-mail addresses, dates, acronyms, etc. Tokens
are specified by regular expressions. Often, a tokenizers include lin-
guistic processing like case folding, stemming, acronym normaliza-
tion, compound word splitting, etc.

Document inversion transforms the sequence of tokens into a doc-
ument’s index. An index contains a sorted list of the terms contained
in the document and, for each term, a list of the locations of its occur-
rences in the document. A common way to represent an occurrence is
the word position of where the term appears in the document. In the
figure, entry “i, 2, {1,13,16}” indicates that the word “i” appears in
document 2 in word positions 1, 13 and 16.

The merging stage fuses the many document indexes into one sorted
global index. This index has the same structure as the per-document
indexes, except it represents tokens and occurrences from all the docu-
ments of the collection. Despite its simplicity, the global index can re-
solve efficiently a large spectrum of structured queries, either boolean
or based on TF-IDF models (Term Frequency, Inverse Document Fre-
quency [13]), including proximity constraints.

Figure 1 suggests an organization with distinct, sequential phases.
This is not representative of practical implementations, as we show
in Section 4. To preserve data-locality, it is much more convenient to

split computation into units that process smaller, fixed-size blocks of
data.

3. TARGETING THE CELL PROCESSOR

On a Cell processor, the PPE serves as a service processor, gener-
ally intended to run the operating system and coordinate SPE threads.
To achieve high performance, workloads must exploit the SPEs. De-
signing efficient software for the SPEs is challenging because:

e branches are expensive (branch predictors are simple, and a
misprediction costs 2426 clock cycles);

o an SPE can operate directly only out of its small, local memory,
called Local Store (LS), 256 Kbytes in size. SPEs have no cache
memories. Programmers must design algorithms that use an
explicit working set, small enough to fit the LS;

e Direct Memory Accesses (DMA) are required to transfer data
from/to the main memory. Programmers must overlap compu-
tation with DMA transfers to hide the shorter of the two laten-
cies;

o SIMD instructions operate on 128-bit registers. Programmers
can use SIMD to process four 32-bit operands at the same time.
This requires accurate data layout and, often, removal of control
flow;

e compilers or programming frameworks offer little help in par-
allelizing and vectorizing code.

We divide algorithms into six classes to predict how well they can
map to the Cell platform, as in Figure 2.

Class 1 contains naturally data-flow oriented algorithms (e.g., reg-
ular, numerical, dense array-based computations). They map well to
the Cell, whether they are compute-bound or main-memory bound
(depending on their arithmetic intensity; see the Roofline performance
model [14]).

Class 2 contains compute-bound algorithms that are naturally ex-
pressed in a sequential form but can be transformed into a branchless,
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Figure 2: A taxonomy of algorithms, and the expected quality of
their mapping to the Cell platform.

SIMD, data-parallel form with some effort. Central to this transfor-
mation is the replacement of branches with software-level specula-
tion. By “software-level SIMD speculation” we mean, for example,
code that uses data-parallel compare instructions followed by alter-
ation of data-parallel variables based on the results of the compare.
In this manner, we accomplish the conditional modification of indi-
vidual values within a data-parallel variable without the use of branch
instructions.

If the speculated portion is not too large, the transformed code runs
much faster than the original. Branch stalls are virtually eliminated,
and SIMD instructions can yield a significant speedup. Many text
stream-based algorithms are amenable to this transformation, includ-
ing the tokenizer we employ (Section 5).

Some compute-bound algorithms are inherently control-dominated
and their data-flow reformulation is even more inefficient. Sometimes
a more efficient, data-parallel algorithm exists that serves a similar
purpose and can be used as a replacement (Class 3 in the figure), pos-
sibly with relaxed constraints. For example, in this work we replaced
a traditional, exact document inversion algorithm with a faster, hash-
based one that is subject to false positives (see Section 6). When an
efficient replacement can not be found (Class 4), performance is gen-
erally low due to frequent branch misses and dependency stalls, no
opportunities for SIMDization, and low ILP.

Control-dominated memory-bound algorithms can be optimized by
pipelining accesses to main memory (Class 5), especially if the mem-
ory access patterns can be predicted in advance. This is the case with
large, automaton-based multi-pattern string matching [15]. If such
pipelining is not possible (Class 6), performance is even worse than
Class 4 because round-trip latency to main memory can be very long
(~830 clock cycles).

4. OVERALL DESIGN

The organization in Figure 1 does not map well onto the SPEs be-
cause stages operate on a single document at a time. The data struc-
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Figure 3: The four stages that compose our indexing design.

tures required to process a document can be much larger than the LS.
Rather, we employ the organization in Figure 3, where Stages 1-3 op-
erate entirely on small blocks that fit into the LS. One run of Stages 1—
3 loads an input text block from main memory to LS with a DMA op-
eration, consumes that block, produces one block of index, and writes
that block from LS to main memory. Stage 1 performs tokenization,
Stage 2 performs inversion and Stage 3 sorts the output index block.
Stages 1-3 form a pipeline as in Figure 9. Thanks to double-buffering,
the time needed for DMA transfers to load input blocks from main
memory and commit output blockss to main memory is hidden.

Finally, Stage 4 merges all the sorted blocks produced in Stage 3 to
form a single, final, global index.

Stages 1-3 run sequentially on each of the SPEs, but each SPE
works on a distinct partition of the input documents. Partitioning is
done on the PPE at startup (the Dispatch task in Figure 4.). We as-
sume that the collection fits entirely in main memory together with
the output index?.

Table 1 reports the experimental results obtained by our indexer
from the Kiwix [16] Wikipedia collection. Values refer to the Pow-
erXCell 8i 3.2 GHz as available on the IBM QS22 blades. One Cell
chip running our solution can index text at a sustained throughput of
161 Mbyte/s, which corresponds to 2,754 average Wikipedia articles
per second. The majority of the time (68%) is required by the global
merge stage. Stage 1 and 2 adapt very well to the architecture, show-
ing a good value of CPI and negligible stall rates. Stage 3 and 4, on
the other hand, adapt to a lesser degree to the Cell hardware, showing
higher CPIs and much higher stall rates. This is indicative of the fact
that branch removal in these stages was only partially successful.

Our solution shows a 4x performance advantage (Table 3) when
compared to CLucene (a reference implementation of Lucene written
in C++ [17]) running on a recent commodity machine like the quad-
core Intel Q6600 processing identical input data [16]. Our Q6600
comparison figures result from four threads (one per core), each run-
ning an unmodified instance of CLucene version 0.9.21. For fairness,
one must be aware that the unmodified CLucene source code does
not contain explicit constructs designed to exploit SIMD (e.g., SSE
instructions).

2Alsr), we ignore I/O issues related to transfers from/to permanent storage. Provided
that an I/O subsystem with sufficient bandwidth is employed, a larger-scale design can
guarantee that the indexer operates at sustained peak throughput by double-buffering input
and output. In such a design, input data buffers and one output buffer are available to the
indexer at all times.
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across the SPEs.
1. Tokenization 2. Doc. Inversion 3. Block Sort 4. Global Merge  End-to-End
Latency:
Cycles per token / SPE 244.35 25.02 156.45 916.96 1,342.79
Cycles per token / Cell chip 30.54 3.13 19.56 114.62 167.85
Relative contribution 18.20% 1.86% 11.68% 68.29% 100.00 %
Throughput:
Consumed input Mbyte/s (1 Cell) 887.06 8,662.59 1385.40 236.38 161.40
Millions of tokens* per second (1 Cell) 101.49 991.14 158.51 27.05 18.47
Avg. Wikipedia articles* per second (1 Cell) 15,134.91 147,802.05 23,637.77 4,033.16 2,754.16
Quality of mapping to the Cell platform:
CPI** (clocks per instruction) 0.75 0.75 1.75 1.80
Branch stalls (% of clock cycles) 0.0% 0.2% 36.4% 22.7%
Dependency stalls (% of clock cycles) 7.4% 2.3% 26.4% 33.1%
The cost of tasks D and LB is not reported because they are neglibile (0.042% and 0.014% of the entire workload, respectively).
* Figures assume Wikipedia-like inputs: average token length = 8.74 bytes; average article = 6705.8 tokens, measurements by the authors.
** The ideal CPI is 0.5 because SPEs have two pipelines and can issue up to two instructions per clock cycles. Higher values denote less efficient code.
Table 1: Performance characterization of our Cell-based text indexer on Wikipedia-like data.

In the scenario we consider, dispatching documents (D in Figure 4) Clockrate ~ Cores  Throughput  Advantage
in a balanced way is trivial because the time consumed by Stages 1— IBM Cell 3.2 GHz 9 167.85 =1.0x
3 grows linearly with the size of the documents, which is known in Intel P4 Northwood 3.2GHz 1 11.82 14.20x

Intel Core 2 Quad Q6600 24 GHz 4 42.87 3.92x

advance. Moreover, in our scenario there are many small documents
that allow fine-grained balancing. We adopt a rudimental algorithm
that assigns the next document to the SPE with the least load. This
operates in linear time, provides a good load balance, and takes only
0.042% of the execution time.

When all SPEs complete Stages 1-3, a large number of small,
sorted index blocks are available in main memory. Stage 4, in a paral-
lel manner, merges these sorted blocks (potentially millions of them)
into a single sorted index. Stage 4 may require multiple passes, (Fig-
ure 4 shows three) and their load balancing is assisted by a PPE task
(LB in the figure). For one or more passes, the LB task employs a
radix-histogram load balancing algorithm that we discuss in Section 8.
This algorithm assigns to each SPE an independent and approximately
equal fraction of the token space. Its cost is negligible (0.014% of the
entire workload).

The next sections examine the algorithms and the performance of
each stage in detail.

Table 3: Our solution has a significant performance advan-
tage over a reference implementation of unmodified CLucene
0.9.21 [17] running on commodity Intel processors.

5. TOKENIZATION

Tokenization divides the input text into tokens. This is an appli-
cation of regular expression (regexp) scanning. Regexp scanners are
sometimes written by hand, but more often they are Finite-State Ma-
chines (FSM) generated with automated tools. The most popular scan-
ner generator is Vern Paxson’s flex [18].

Unfortunately, the code these tools generate (including flex) has
far-from-optimal performance on modern multi-core processors. No
tools generate SIMD or multi-threaded code. Additionally, this code
is very branch-intensive in nature, and this exacerbates the effect of
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Typical Cycles/ CPI Instr’s NOPs Branch Dep. Single Dual Used
Optimization Step Throughput char (on per Stall Stall Issue Issue Regs
Gbyte/s each SPE) char Rate Rate Rate Rate
0 Vanilla flex X8 SPEs 166.6 157.31 1.76 89.58 2.48% 17.38% 36.97% 37.60% 5.57% 76
1 STT optimizations w/ ptr arithm 284.1 92.27 1.23 75.17 3.54% 2.52% 34.80% 48.80% 10.35% 56
2 Branchless 335.8 78.06 1.04 75.03 0.02% 0.01% 27.92% 57.99% 14.06% 68
3 4 Engines, SIMD 739.0 35.47 0.86 41.33 1.11% 0.01% 15.36% 58.24% 25.28% 89
4 4 Engines, SIMD, Unroll x4 757.7 34.60 0.87 39.97 0.86% 0.01% 14.62% 60.84% 23.67% 86
5 4 Engines, SIMD, Ux2, SW/pipe 791.1 33.14 0.81 40.74 1.19% 0.01% 14.09% 57.06% 27.65% 89
6 4 Engines, SIMD, Ux16, SW/pipe 887.5 29.38 0.75 39.37 0.54% 0.01% 7.42% 59.62% 32.40% 89
7 8 Engines, SIMD, Ux2, SW/pipe 1026.5 25.54 0.60 42.56 0.02% 0.02% 2.07% 41.93% 55.97% 72
8 8 Engines, SIMD, Ux16, SW/pipe 1066.8 24.57 0.61 40.52 0.02% 0.02% 1.05% 45.09% 53.83% 72
Unoptimized Reference Throughput (1 PPE)
Original flex on 1 PPE 15.4 207.79

Table 2: Performance of the optimization steps applied to the tokenizer. Typical throughput is per chip (8 SPEs), obtained running
Lucene’s tokenizing rule set on Wikipedia pages. Optimization Step 6 (bold) is the one we employ in our solution.
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Figure 6: As more optimizations are applied, performance grows (left) because the tokenizer needs fewer clock cycles (right) to process
each input character.



branch misses on the Cell.

A recent work [19] has presented a technique to bridge this gap.
The authors use flex to generate a first state-transition table (STT)
from the user rules. Then, they replace the flex kernel with a Cell-
optimized kernel they provide which operates on a re-encoded STT.
The Cell-optimized kernel functions without branches and uses SIMD
instructions that process the workload of 4 FSMs concurrently. We
obtained the tools from the authors and we reuse them as Stage 1 in
our text indexer.

The unmodified flex, when run on a Cell chip, would utilize only
the PPE. This configuration runs the tokenizing ruleset of the Lucene
with a throughput of 15.4 Mbyte/s (that corresponds to 208 PPE clock
cycles spent to process a single token, assuming a Wikipedia-like in-
put), as in the line “Unoptimized Reference” at the bottom of Table 2.
The Cell-optimized kernel runs 67.7x faster. The speedup is due to al-
gorithmic improvements that (1) use fewer instructions per FSM tran-
sition and (2) make the instruction schedule denser (decreasing the
clocks per instructions (CPI) from 1.76 to 0.61).

Table 2 shows the impact of the optimizations on performance. Step
0 represents an unmodified flex running on each of the 8§ SPEs on
a chip: this yields an 10.6x speedup with respect to the PPE (i.e.,
each SPEs is 1.32x faster than the PPE). Step 1 uses a more efficient
STT and faster pointer arithmetics, yielding a 1.7x speedup. Step 2
replaces the remaining branches with speculated code; the speedup
(1.18%) is moderate, but it enables SIMD-ization. The removal of
branches has the effect of eliminating nearly all branch miss stalls;
see Steps 0-2 in Figure 6 (right).

Step 3 exploits SIMD instructions to process data corresponding to
four independent FSMs, each operating on a distinct document. This
requires a streaming double-buffered organization as in Figure 5. Each
SPE runs four FSMs; thus the entire Cell chip maintains 32 documents
streaming in and out at any given time. Performance grows to 739
Mbyte/s/chip, a 2.2x speedup over the best non-vectorized code.

The best SIMD code with four automata, after loop unrolling, soft-
ware pipelining, manually reordered loads/stores, is Step 6 (bold face
type in the table), and achieves a throughput of 887.51 Mbyte/s, which
is 21.9x faster than flex on the PPE.

The authors propose further optimizations in Steps 7 and 8, that we
did not implement. These further steps would double the FSMs from
four to eight, providing an additional group of independent SIMD in-
structions to the compiler that it could use to fill dependency stalls and
achieve better dual issues rates (ILP). In fact, dependency stalls almost
disappear in Steps 7-8 in Figure 6 (right), increasing the performance
by a factor of 1.2x. The disadvantage of this approach is that the num-
ber of input streams double from 32 to 64. Our LS memory budget is
so tight that we can not afford this doubling.

6. DOCUMENT INVERSION

Traditional document inversion techniques do not map efficiently
to an in-core stage on the Cell platform because of (1) the unbounded
size of their working set, (2) their intense control flow, and (3) the
inefficiency of their dynamic allocation and reallocation of data struc-
tures. We propose and employ a Blocked, Hash-Based Inversion tech-
nique (BHBI) designed to counter these issues. This section discusses
its pros and cons and characterizes its performance.

Inversion algorithms customarily have been aware of the large la-
tency difference between main memory and disk accesses. Blocked
Sort-Based Indexing (BSBI, see Algorithm 1), a traditional document
inversion algorithm [20], inverts fixed-size blocks of input at a time
and commits them to permanent storage. This allows indexing docu-
ments arbitrarily larger than the available main memory.

On multi-core processors, the latency difference between core-local
memories and main memory is also important. For example, on the
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Figure 7: The traditional structure of a document inversion stage.

Cell’s SPEs, a load from the LS costs 6 clock cycles, but a load from
main memory costs up to ~830. On the POWERG6 [21], loads cost
2 cycles from the L1 cache, 20-26 cycles from the L2 cache (core-
private), and ~450 from main memory. On the Intel Itanium, loads
cost 2, 6, 22 and ~200 cycles from L1, L2 and L3 caches, and main
memory, respectively. These large differences encourage the design of
algorithms that can keep their entire working set in core-local memo-
ries.

Unfortunately, BSBI can not be mapped well to multi-core proces-
sors because its working set includes the term-termID dictionary® of
the entire collection. This dictionary is unsuitable to fit in core-local
memories because it may reach fractions of a Gigabytes for collec-
tions of interesting size.

Algorithm 1 Blocked sort-based indexing (BSBI) [20]. The algorithm
stores inverted blocks in files fi, f», ..., f, and the merged index in
j;nerged-
n<20
while all documents have not been processed do
n—n+1
block < TokenizeNextBlock()
BSBI-Invert(block)
WriteBlockToDisk(block, f;)
end while
MergeBlocks(f1, f2, - - - » fu3 fmerged)

Single-Pass In-Memory Inversion (SPIMI) [22], described in Algo-
rithm 2, overcomes these limitations by maintaining in its dictionary
only the terms that appear in the current input block.

SPIMI can be adapted to run on an SPE, but with significant perfor-
mance limitations. The fact that it allocates and reallocates postings
lists dynamically (lines 7 and 12 of the algorithm) causes fragmented
data structures (in the middle of Figure 7) and wastes scarce core-
local memory. SPIMI’s hash table can be implemented with probing
or chaining, but both have expensive or unpredictable access laten-
cies. Also, postings tables must be defragmented into a linear data
structures before being committed to main memory. All these oper-
ations are computationally expensive and require a complex control
flow that prevents SIMDization and incurs strong branch penalties on
the Cell.

3a mapping between each distinct term in the documents and a unique identifier assigned
to it the first time the term is encountered.



Algorithm 2 Inversion of one block in Single-Pass In-Memory Index-
ing (SPIMI) [22].

1: while —empty(token_stream) do
2:  output_file «— NewFile()

3 dictionary <« NewHashTable()

4 while free memory available do

5: token «— GetNextToken(token_stream)

6: if token € dictionary then

7 postings_list < AddToDict(dictionary, token)

8: else

9: postings_list « GetPostingsList(dictionary, token)
10: end if

11: if full(postings_list) then
12: postings_list «— DoublePostingsList(dictionary, token)
13: end if
14: AddToPostingsList(postings_list, docI D(token))

15:  end while

16:  sorted_terms « SortTerms(dictionary)

17:  WriteBlockToDisk(sorted_terms, dictionary, output_file)
18: end while

Blocked Hash-Based Inversion (BHBI), the algorithm we propose
(Algorithm 3) overcomes these shortcomings by dispensing with need
for a term dictionary. BHBI creates a hash of each input token 7 that
is used as a term identifier, and adds a line (hash(t), docID, i,) to the
token-hash table, as in Figure 9. Note that the token-hash table is
not an ordered hash table; entries are added sequentially after each
tokenization. Input/output buffers are pre-dimensioned to use the local
memories efficiently, with no need for dynamic allocation.

Algorithm 3 Blocked Hash-Based Inversion (BHBI), the inversion
algorithm we propose. Variables marked as ’locals’ are intended to
be allocated in core-local memory, while input and output data are in
main memory.

Constants: B, size of each of the local buffers;
Input: doclD, document identifier;
T =(t1,t2,...,ty), tokens in the input block;
Output: X = (x1,X2, ..., XN/B1)s output blocks;
Locals: w, document-relative position

of the first document word in the buffer;
TB = (thy,th,,...,tp), token input buffer;
XB = (xby, xb,,...,xbg), output buffer;

Symbol « denotes a variable assignment in local memory.
Symbol « denotes a transfer from/to main memory.

I: we0
2: while w < N do
3: (thi,thy,...) & (Lys1r bws2s - - o> Imin(w+B.N))
/* load a block of input token into the token buffer */

4. forall th; € TB do

5: xb; « (hash(tb;), docID, w+ 1)

6: end for

7. wew+B

8:  (xby,xby,...,xbg) « Sort(xb;, xb,,...,xbg)
9. x; & (xby,xby,...,xbp)

/* store a block of output entries to main memory */
10 i«i+1
11: end while

BHBI uses a storage scheme called single payload (in the termi-
nology of Melnik et al. [23]) because each entry in the output table

represents one token only. BHBI does not explicitly construct post-
ings lists; rather, postings lists emerge later, after the single-payload
entries are sorted. Multiple occurrences of the same term ¢ appear as
a sequence of entries (hash(t), doclD, i), (hash(t), docID, i), ....

BHBI uses no term dictionary. It constructs a hash of each token,
which it uses as its term identifier. To avoid confusion, note that the
hashes themselves are stored and sorted; they are not used as an index
into a hash table. Terms are represented by their hashes in the output
and in any stage that follows inversion. The association between a
hash and its term is deliberately not stored anywhere.

These radical design choices have the following advantages. There
is no dynamic memory allocation and reallocation, and no consequent
unnecessary copy operations. Explicit buffer management allows fit-
ting the working set into small core-local memories, and employing
double buffering. Each iteration of the inversion kernel loop (lines
4-6 in Algorithm 3) processes independent inputs and produces in-
dependent outputs, and it is free of loop-carried dependencies and is
SIMDizable/unrollable ad libitum. There is no hash table, and no time
consuming probing.

Expensive variable-length string manipulations are replaced with
inexpensive hashing, which also speeds up sorting, since comparing
aligned entries costs much less than comparing variable length strings,
as Inoue et al. [24] show.

BHBI also allows three additional optimizations, whose impacts on
performance depend on the target platform: (1) input and the output
entries can be aligned to the register width; aligned loads and stores,
in general, cost less than misaligned ones. SPIMI’s output format,
with its variable-length terms, is more expensive to generate; (2) by
matching the size of input and output entries, BSBI can operate in
place saving a significant amount of memory; (3) a later sort step can
assume that entries with the same hash are already in the right order
by construction; i.e., entry (h, docID,w + 1) necessarily appears after
(h,docID,w). Our experimental implementation takes advantage of
all of these.

Stage 2 as just described can be optimized very well on the SPE,
especially because entries are aligned and independent of each other.
We use a SIMD hash function, SIMD string manipulation, and loop
unrolling, achieving a 28.91x speedup with respect to a naive imple-
mentation based on C library string functions and a rudimental DJB2
hash implementation, as Figure 11(a) shows. We also achieved a very
high resource utilization, e.g., our CPIL is 0.75, as in Figure 11(c). This
is close to 0.5, the ideal CPI for the SPE.

BHBI’s main limitations are: (1) the index no longer contains plain-
text terms, and (2) hashes can collide. The first is acceptable, because
the index contains references to the tokens in the original document.
The second is more serious. When terms #; and #, collide, postings
of the two terms mix in the same list during indexing. This leads to
false positives at query time and impacts scoring/ranking performed
with TF-IDF [13]. However, analogous to the statistics of the com-
mon birthdays problem, the expected number of collisions (common
birthdays) C incurred by a good W-bit wide hashing function over a
collection that has M distinct terms behaves as in Figure 8 (left). If we
assume that C < 1 is safe, (i.e., it has an acceptably small probabil-
ity of collisions) a 32-bit hash is safe up to 92,682 terms. The Kiwix
Wikipedia dump [16] (367,277 terms) needs at least 36 bits. Dictio-
naries of 10 million and 1 billion terms require 46- and 59- bit hashes,
respectively. Our implementation employs a 64-bit hash, which is safe
up to 6.074 billion distinct terms. For larger collections, our approach
can adapt to 128-bit or wider hashes with no loss of generality.

The size of a collection in tokens T correlates with the number of
distinct terms M according to Heaps’ Law [25] (M = k-T?), plotted in
Figure 8 (right) for a few relevant corpora. The Kiwix corpus fits the
law with b = 0.68 and k = 5.05. Consequently, the maximum size of a
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Figure 9: Data flow of Stages 1-3

Wikipedia-like collection safely indexed with a 64-bit hash according
to Heaps’ Law would be 4.83 -10" tokens = 422.42 Terabytes = 7.2
billion average Wikipedia pages.

7. BLOCK SORT

The design of efficient in-core sort algorithms for the Cell is an open
problem. In fact, asymptotic analysis is of little help here because
small amounts of data are processed at a time, due to the paucity of
the LS, and branch penalties tax algorithms with a complex control
flow.

‘We employ a block sort implementation that runs, on average, twice
as fast as quicksort for the short arrays, as Figures 10(a,b) show. It
uses a cycle of the American flag sort [26] followed by a bubble sort.

The American flag sort is a variant of a linear-time histogram sort
that initially distributes items into hundreds of buckets. The first step
counts the number of items in each bucket and the second step com-

term hash doc ID s term hash doc ID o
position position
OxE85F0BC95897C8C6| 27 1 0x417D6B0C951B6892 27 2
0x417D6B0C951B6892 27 2 )x9F62A81FA2E9DD86 27 3
0x9F62A81FA2E9DD86 27 3 IOxEBSFOBCQS&Q?CSCG 27 1
64 bits s2bits . s2bits — — — — double  —___ _
buffering
term hash doc ID foken
position
0x5B294040D4EAA482 26 2496
0x8473E2EF86B612B2 26 2378 | DMA
0xA9305CDD47353C76 26 2503 T ‘

of our indexer for the Cell processor.

putes where each bucket will start in a reconstituted array. The last
step moves items to their proper bucket in the reconstituted array. We
use only one cycle of the sort with 256 buckets, the number of buck-
ets being based on using the leftmost eight bits of the key (the hash)
as the bucket selector. Then, we use an unrolled, SIMDized bubble
sort on each of the bucket. Despite its high asymptotic cost (O(N?)),
bubble sort runs fast on the small numbers of per-bucket keys, and it
is amenable to unrolling and SIMDization. Results are promising, but
the algorithm is still control-intensive and suffers from branch miss
stalls.

8. GLOBAL MERGE

This section describes Stage 4 of our indexer. We call any sorted
sequence of keys (the hashes) a run. Stage 4 is a multi-way merge
of runs in which all the index blocks produced during tokenization,
inversion and block sort are merged into a single sorted index that



Optimization CPI Cycles/ Mtoken/s Mbyte/s Speedup Optimization CPI Cycles/ Mtoken/s Gbyte/s Speedup
token (1 SPE) (1 SPE) token (1 SPE) (1 SPE)

1 Mergesort 1.53 425.15 7.53 65.78 0.75% 1 Sequential, DJB2 hash 1.69 723.46 4.423 0.039 =1.00x
2 Quicksort 2.36 320.35 9.99 87.31 =1.00x 2 SIMD Hash Function 1.97 249.86 12.807 0.112 2.90x
3 Histogram + Bubble 1.89 189.27 16.91 147.77 1.69x 3 SIMD String Realign 1.72 67.06 47.720 0.417 10.79%
4 Unroll x4 histogram 1.74 163.92 19.52 170.62 1.95x 4 Unroll x2 0.98 34.82 91.912 0.803 20.78x%
5 Unroll x4 bubble 1.75 156.14 20.50 179.13 2.05x 5 Unroll x4 0.79 26.90 118.949 1.040 26.89x

6 Unroll x8 0.75 25.02 127.889 1.118 28.91x

Figure 10(a): The block sort implementation we optimized for the purpose of this work
achieves a ~ 2x speedup with respect to quicksort. Still, resource utilization is improv-
able, as indicated by the relatively high CPIL.

Per-SPE throughput of Block Sort across the optimization steps
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Figure 10(b): Average throughput per SPE, in Mbyte/s of input text processed.
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Figure 10(c): Utilization of the clock cycles across the optimization steps. Shades of
green indicate productive cycles (single or dual issues); shades of red indicate unproduc-
tive ones. We achieved a significant overall speedup, but not a significant increase in
resource utilization.

Figure 10: (a),(b),(c): Performance of the block sort stage across
the optimization steps.

contains the entries of the entire collection. In this stage, input and
output runs might together occupy nearly the entire amount of avail-
able main memory. For the sake of simplicity, our implementation
does not consider the extension of this merge to disk storage.

Unlike Steps 1-3, Step 4 is out-of-core. The runs are in main
memory and exhibit relatively little data locality, so they can not be
streamed easily through the LS.

In our tests, the algorithm that best maps the problem to the Cell
architecture is a tournament-tree merge. We assume that the reader is
familiar with the basics of a tournament-tree merge [27]. A tourna-
ment tree has as many leaves and as many vertexes as there are input
runs. Each pair of leaves has one level-1 descendant vertex, and each
pair of level-1 descendants have one level-2 descendant, continuing
on until reaching the final descendant, which is the root vertex (for
simplicity we assume that the number of input runs is a power of 2).

Figure 11(a): Each significant optimization we applied (a SIMDized hash function, SIMD
string manipulation, loop unrolling) achieved a ~ 3x speedup.

Per-SPE throughput of Document Inversion across the optimization steps
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Figure 11(b): Average throughput per SPE, in Gbyte/s of processed input text.
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Figure 11(c): Utilization of the clock cycles across the optimization steps. Shades of green
indicate productive cycles (single or dual issues); shades of red indicate unproductive
ones. The chart shows that our optimizations were able to get rid of the branch misses, a
significant portion of dependency misses, and achieve a good rate of dual issues.

Figure 11: (a),(b),(c): Performance of document inversion across
the optimization steps.

The tournament-tree is initialized by placing a smaller-than-the-
smallest key in each vertex. Note that each key in each run that is to
be merged must be tagged with the unique identifier of the run from
which it originates. Initially, each leaf, in sequence, takes the first key
from its corresponding input run, and that key competes in the tourna-
ment until the smallest key appears in the root vertex. Initialization is
complete when any key reaching the root vertex is larger than smaller-
than-the-smallest key; that key is the smallest key from all of the runs
being merged. All of the smaller-than-the-smallest keys are discarded;
the number discarded will be equal to the number of leaves in the tree.

The key in the root vertex is moved into the first sequential key of
the output run. The unique run tag of the removed key determines
which run is the next to supply a key to the tournament, and the next
key from that designated run, entering through its corresponding leaf,
is used to begin the next cycle of tournament competition. The win-
ning (smallest) key of each tournament cycle is moved into the next
sequential key location in the output run, its unique run identifier is
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Figure 12: Our global merge stage adopts a parallelization ap-
proach based on three passes. In Pass 1 and 2, each SPE accepts
multiple, entire runs as inputs and produces one output run. In
Pass 3, each of the N SPEs takes as an input a fraction (=~ 1/N)
from each of the N runs produced in Pass 2, and produces a frac-
tion of the single, final, output run.

extracted, and the process is repeated.

The number of compares required to determine the next key in the
merged run is [log,(R)], where R is the number of runs being merged.
Time complexity is therefore K[log,(R)1, where K is the total number
of keys in the final run. When all the keys from a particular run have
been propagated through the tournament tree, a special infinity (larger-
than-the-largest) key is used to signify the end of that run. The first
infinity key to reach the root vertex signifies merge completion.

In most indexes of interest, long sequences of keys having the same
hash regularly occur in most runs. If a single bit in each key is used
to signify that the hash of the next key is the same as the hash of
the present key, the next key can be declared a tournament winner
immediately and placed into the next sequential key location in the
output run, thereby bypassing all comparisons required in the tourna-
ment tree. This leads to a substantial improvement in performance,
and is included in the performance measurements reported.

Our implementation employs a double buffer between input runs
and leafs to mitigate the latency of DMA reads from main memory,
and also between the root vertex and the output run for the same rea-

son. Each vertex contains one 128-bit key, representing one token
from the input document collection, as described in the previous sec-
tions. Our parallelization strategy is Figure 12. The first passes (1
and 2 in the figure) reduce the number of total runs until they are N,
which is the number of processing elements, eight in our case. Load
balancing is trivial in these early passes.

The last pass requires splitting the merge of N runs across N pro-
cessor in a balanced way, which is less trivial. To do so, we employ
the radix histogram of each run and of the ensemble of runs. The
histogram bins tell how many entries in each run begin with a given
prefix. We use 8-bit prefixes that correspond to histograms having 256
bins. The counts in the bins of the ensemble histogram are the sums
of the counts in corresponding bins of the N individual histograms.
We use the ensemble histogram to divide the radix domain (0,...,255)
into N partitions of contiguous bins, on radix boundaries, such that the
partitions have roughly equal count sums. This division tends to mini-
mizes the load imbalance among the N SPUs. The individual runs are
then divided on the same radix boundaries, based on their individual
histograms. In this approach, values in each partition do not overlap
or interact with adjacent ones, and therefore each can be merged in-
dependently. Additionally, memory coordinates of each partition can
be determined exactly a priori, in both the individual runs and the en-
semble run, by summing values in their respective histogram bins.

9. RELATED WORK

Since a multi-core is similar to a distributed system on a chip, de-
signers attempted to reuse distributed-systems programming models
on multi-cores. For example, MapReduce has been ported on multi-
cores [28] like the Cell [29] and nVidia’s GPGPUs [30]. Multi-cores,
though, differ so much from distributed systems that significant per-
formance is left unexploited. For example, MapReduce makes no at-
tempt at exposing DLP to the hardware.

Despite the need for indexing, little work has addressed the map-
ping of indexing tasks onto multi-cores, except for text matching [31,
32, 33], or sorting [24, 34]. Authors have focused on in-main-memory
index merging strategies [35]; or on index re-ordering techniques [36]
that reduce query latency, or compressed text databases [37] that re-
duce space requirements, all at the expenses of indexing speed.

No work addresses indexing with reference to multi-cores and
data-level parallelism. We address this gap, focusing on algorithmic
choices and implementation details that allow high throughput with a
basic set of indexing features.

10. CONCLUSIONS

We have examined text indexing, an emerging workload, on the
Cell processor, an emerging multi-core architecture.

Our experience suggests that the traditional algorithms employed in
the tasks of text indexing are often incapable of exploiting the amount
and degrees of parallelism made available by a peculiar data-flow ori-
ented machine like the Cell processor.

We propose a text indexing flow that features alternative algorithms
explicitly designed to address these shortcomings, and we provide an
analysis of their performance. We find that two stages of the flow
(tokenization and document inversion) adapt extremely well to the ar-
chitecture, delivering impressive throughput. The remaining stages
(block sort and global merge) exhibit a residual amount of control-
flow that hinders a good mapping to the Cell, causing branch misses
and dependency stalls that are difficult to eliminate.

Nevertheless, the overall end-to-end performance delivered by our
indexer compares favorably against a reference indexer implementa-
tion running on a commodity multi-core machine. Our solution, in a
per-chip comparison, is the fastest text indexer that we are aware of.
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