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SIMD processing with
large associative
memories can support
robust performance in
speech applications.
The IXM2 with 73
transputers has
outclocked a Cray in
some tasks.
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processing for 30 years, the importance of associative memories as SIMD

(single instruction, multiple data) devices has not been sufficiently recog-
nized. Part of this is because large associative memories are difficult to develop, and
the small associative memories available so far have allowed much less parallelism
than needed to demonstrate effective SIMD processing on associative memories.

We describe the IXM2 associative processor and its main application in speech-to-
speech translation. (IX stands for semantic memory system in Japanese, and the M
stands for machine.) The IXM2 began as a faithful implementation of the NETL se-
mantic network machine and grew into a massively parallel SIMD machine that
demonstrated the power of large associative memories. In fact, it outperformed other
significant machines in terms of language-translation tasks, which we discuss at the
end of the article.

We selected speech-to-speech translation as our main application because it is one
of the grand challenges of Massively Parallel Artificial Intelligence! (see the glossary
on the next page). The social implications of successful automatic translation are
enormous. Persons who speak different languages could communicate in real time by
using interpreting telephony.

Speech-to-speech translation involves many computing operations because it re-
quires such features as real-time response and a very large capacity for handling vo-
cabulary and the corpus (see glossary for application terms). We focus on memory-
based models of speech-to-speech translation that view episodic memory as the
foundation of intelligence. This view naturally leads to implementing intelligent as-

Q_ Ithough researchers have been studying associative memory and associative
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Glossary

Corpus — Collection of texts consisting of documents, dialogue transcriptions,

translations, and so forth.

Episodic memory — Recollection of a particular event characterized by a
definite awareness that the event was personally experienced.

Grammar writing — Writing grammar rules for natural language analysis.

Massively Parallel Artificial Intelligence — Grand-Challenge-category Al
problems being addressed through the computing power of massively parallel

machines.

Parsing — Obtaining the syntactic structure of a sentence by applying gram-

matical rules to it.

Semantic distance calculation — (a) Calculating the semantic distance
between words based on their meaning; (b) calculating the similarity or close-

ness of the meaning between words.

Semantic network — Schematic representation of knowledge that takes the
form of a network. Network nodes represent concepts, and links represent the

relationship between concepts.

Input sentence

Output sentence

Figure 1. A traditional model of machine translation.

sociative memories. We first discuss the
application as an illustration of associa-
tive processing and then shift to an ex-
ploration of the IXM2 itself.

Speech-to-speech
translation issues

The traditional approach. The usual
approach to natural language processing
has been to rely on extensive rule appli-
cation. This entails building an internal
representation, such as a parse tree gen-
erated from an input sentence by using a
set of rules. Figure 1 shows the main con-
trol flow in traditional models of transla-
tion.

Figure 2 is an example of traditional
translation. First, the system inputs an
English sentence for an analysis that uses
grammar rules and a vocabulary dictio-
nary. As the result, a parse tree is gener-
ated in which each node is a Japanese
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phrase or word. Then, the system applies
rules and dictionaries to transform the
parse tree into a generation tree. Finally,
a Japanese sentence is output when gen-
eration rules and dictionaries are applied.
Systems based on this approach in-
evitably face a number of drawbacks.

¢ Performance. Most existing machine-
translation systems are not sufficient
for such real-time tasks as speech-to-
speech translation.

e Scalability. Current machine-transla-
tion systems are difficult to scale up
because their processing complexity
makes system behavior almost in-
tractable.

* Quality. The intractability of system
behavior combines with other factors
to lower the translation quality.

e Grammar writing. By the same to-
ken, writing grammar rules is very
difficult, since a complex sentence
has to be described by piecewise
rules. It is time-consuming (partly

due to the intractability factor) to add
these rules into the whole system.

Memory-based translation model. The
alternative to the traditional approach is
a memory-based model that uses exam-
ples for translation. This model was first
proposed by Nagao? in 1984 and is the
precursor of recent research on memory-
and example-based translation models.
Nagao argued that people translate sen-
tences by using similar past examples of
translation. This claim coincides with re-
cent interest in memory- and case-based
reasoning.’

Memory-based reasoning places mem-
ory at the foundation of intelligence. It
assumes that numerous specific events
are stored in people’s memories and that
they handle responses to new events by
recalling similar events and invoking ac-
tions associated with them. This idea runs
counter to most Al approaches, which
make rules or heuristics the central thrust
of reasoning.

The memory-based approach works
well in machine translation, too. Figure 3
shows the control flow. At first, a sen-
tence similar to the input sentence is re-
trieved. Then the retrieved sentence un-
dergoes adaptation for generating an
output sentence.

Let’s consider the input sentence in
Figure 2 again (“I would like to attend
the party”) and see how this sentence is
translated into Japanese with a memory-
based model. We used the ATR Inter-
preting Telecommunications Research
Lab’s corpus for conference registration
as examples of translation. When the in-
put sentence in Figure 2 is entered, the
following sentences can be retrieved as
the three most similar examples from the
corpus. Each sentence is associated with
a translated Japanese sentence.

e “I would like to register for the con-
ference” becomes “Kaigi ni touroku
shitainodesu.”

¢ “I would like to take part in the con-
ference” becomes “Kaigi ni sanka
shitainodesu.”

e “I would like to attend the confer-
ence” becomes “Kaigi ni sanka shi-
tainodesu.”

In the real system, each sentence will
be assigned a similarity score. The next
step is adaptation, in which differences
between the input sentence and the ex-
ample sentence are adjusted to create a
translation. In this example, the differ-
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ence is conference and party, so that the
Japanese word for conference (kaigi) in
the translation part of the example is re-
placed by the Japanese word for party
(enkai).

Although at a glance this seems a naive
approach, the method essentially is the
same as or better than current MT (Ma-
chine Translation) systems. Given the
fact that large-scale MT systems have a
few thousand grammar rules for the ex-
ception handling of each specific case,
memory-based translation is a straight-
forward and tractable approach to trans-
lation because it uniformly handles regu-
lar and irregular cases. In addition, there
is a difference in the solution spaces of
the two methods. Assuming that there is
a set of grammar rules to cover a certain
portion of natural language sentences,
the grammar not only covers sentences
that actually appear in the real world but
also covers sentences that are grammat-
ical but are never produced in reality. An
empirical study revealed that only 0.53
percent of possible sentences considered
to be grammatical are ever produced.
The memory-based approach never gen-
erates implausible sentences because the
memory contains only examples of actual
sentences used in the past.

Parallel processing
with associative
memories

Apart from these linguistics discus-
sions, the memory-based approach is well
suited for data-parallel processing, as its
performance is critical to search and re-
trieval of translation examples.

Associative memory as an inexpensive
SIMD device. The most time-consuming
aspect of memory-based translation is
data retrieval from an example database,
which can be done in a SIMD manner.
Therefore, commercial SIMD parallel
machines, such as ICL’s Distributed Ar-
ray Processor (DAP), Goodyear’s Mas-
sively Parallel Processor (MPP), and
Thinking Machine’s Connection Machine
2 (CM-2), are promising as computing
platforms. In memory-based translation
operations, however, the dominant oper-
ation is to retrieve data that matches input
data; scientific calculations are less fre-
quent than in other problems to which
commercial SIMD machines are applied.
Therefore, associative memories repre-
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Input sentence: | would like to attend the party.

Analysis

English structure

would like to

Rules and

ﬁ attend

dictionary for
analysis

4

Transformation

Japanese structure | shitainodesu

Rules and
dictionary for

transformation

l Watashiwa l i sanka |
\ 4
Generation

Rules and
dictionary for
generation

Output Sentence: Watashiwa enkai ni sanka shitainodesu.

Figure 2. An example of traditional machine translation.

Input sentence

Retrieve similar
sentences

Qutput sentence

Adaptation

Figure 3. The
control flow in
memory-based
machine
translation.

sent the best candidate for speech-to-
speech translation because they are both
compact and inexpensive.

Let’s examine why this is true. First,
when we focus on associative search op-
erations, the “parallelism per chip” is the
largest among various LSI implementa-
tions. At all the bits of associative mem-
ory, comparisons with input data bits are
done in parallel; the parallelism is 20,000
within a 20K-bit Nippon Telegraph and
Telephone (NTT) associative memory
(AM) chip, which is the type used in the
IXM2. Thus, large parallelism within a

limited chip area can be obtained, since
associative memory has regular cell struc-
tures suitable for LSI implementation,
resulting in a compact and highly parallel
device. Second, associative memories can
be installed easily in a computer system;
for example, they were installed in the
IXM2 as ordinary memory devices. This
leads to simple design and reduced cost.
Third, no additional parallel software or
software interface is required when us-
ing associative memories because they
can be handled as ordinary memory de-
vices. As described later, the associative
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Figure 4. Net-

IS_Alink

work example.

Marker  Group

Identifier bit field identifier

01 2 Ty

Red 0/0!0'0|........Jo'o0
Rose 1/0:0 1 |........[1:10
Apple 20 !1i0 .. 1.1 . [111
Frut 3[0!1:1]..'......]o' 0
Cherry4| 110 0.0\ .11 1
GrapeS1EOE1 : 0! 1

1-bit hit
Memory array registers
Word 0 —{1
Word 1 —1
Word N -1 —{1
Search data register (SDR)
Search mask register (SMR)
Write mask register  (WMR)

Figure 5. The architectural model of asso-
ciative memory.

memory operations in the IXM2 can be
directly specified in the high-level lan-
guage Occam?2.

We next describe parallel processing us-
ing associative memory. We have chosen
network-structured data processing (such
as a semantic network) because it is widely
used in natural language processing.

Marker bit operations. In memory-
based translation systems, a network data
representation is often used to describe a
knowledge base such as a thesaurus. In
processing network-structured data, three
fundamental operations are used inten-
sively: association, set intersection, and
marker propagation. Association locates
a particular node in a network, set inter-
section finds common members of two
sets, and marker propagation obtains
members belonging to a set. These oper-
ations are performed efficiently when
marker bits are assigned to each network
node. A marker bit is a one-bit flag that
contains processing results.* Processing
with markers is suitable for implementa-
tions with associative memories because
execution times become independent of
the amount of data, that is, O(1).

Figure 4 represents the marker bits.
Suppose the network in the figure is asked
which fruits are red. The solution will be
the intersection of the set fruit and the set
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Figure 6. Network representation of associa-
tive memory.

red, obtained in the following manner.

First, an association operation is exe-
cuted to set marker bit number 0 of the
node red. Next, marker propagation sets
marker bits 0 of all the nodes that belong
to the hierarchy of node red along the
links, descending from node red. These
nodes represent set members of node red.
Similarly, marker bits 1 for members of
node fruit are set using association and
marker propagation. Finally, a set opera-
tion is executed to find the intersection of
setred and set fruit. This operation is per-
formed in two steps: Find nodes where
both marker bits 0 and 1 are set, and then
set marker bit 2 on those nodes. In this
case, the answers are the apple and cherry
nodes.

Parallel processing with associative
memories. We next describe how these
operations are efficiently performed with
associative memories.

Required functions. The architecture
model of associative memory for network
data processing consists of a memory ar-
ray, one-bit hit registers, a search mask
register (SMR), a search data register
(SDR), and a write mask register (WMR),
as shown in Figure 5. In the memory ar-
ray, problem data is stored word-wise,
and data contents are compared in par-
allel at every bit with data in the SDR. A
one-bit hit register is associated with each
word of the memory array. This register

is set when the word exactly matches the
data in the SDR. The SMR is used when
a part of each word (rather than the en-
tire word) should match the correspond-
ing part of the SDR. If a particular bit in
SMR is 1, the search is conducted to the
same bit position in the memory array.
Otherwise, the search is disabled. A
WMR is effective only when particular
bits should be written; if a particular bit in
a WMR s 1, the corresponding bit in the
memory array is allowed to be written.

Representation for network data. Now
we give data representations of this mem-
ory model for the network in Figure 4.
The representation is node-based in that
each network node occupies one word of
associative memory. Each word has an
identifier for its node, marker bits, and a
group identifier for parallel marker prop-
agation (described later), as shown in Fig-
ure 6. For example, the rose node occu-
pies a word at address 1 of associative
memory and its identifier is 001. Bit
lengths in Figure 7 are chosen for this ex-
ample. Information on connections be-
tween nodes is not kept in associative
memory, but rather in RAM. (For clarity,
this has been omitted from Figure 6.)

Set intersection in associative memory.
At first, the red node is located by asearch
operation. Specifically, the SDR is loaded
with the red’s identifier, 000, at the left-
most position. The SMR is loaded to
match only on the position of the node’s
identifier. The contents of the SDR and
SMR are shown in Figure 7. After the
search, word 0 is hit, and its one-bit flag
register is set. Following this, a parallel-
write operation is performed. This oper-
ation allows data writing only into those
words whose one-bit hit registers are set.
By this parallel-write operation, marker
bit 0 of word O is set, though only word 0
is written in this case.

Second, members of the red node are
obtained by marker propagations.
Marker propagation can be done either
sequentially or in parallel. Sequential
marker propagation uses connection in-
formation stored in RAM, such as “Red
is connected to the rose node with an
IS_A link.” (We use the term IS_A to in-
dicate that a node belongs to another
node conceptually.) Starting from a par-
ticular node like the red one, sequential
marker propagation traverses a link and
sets the marker bit of a node connected
by that link. For example, executing se-
quential marker propagation three times
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Marker  Group Marker  Group
Identifier bit field identifier Identifier bit field identifier
/ \ 0 1 2/ \ /S~ \N 0 1 2
Red 0l0:0:0]@®'0i0]00 oloo'ol1:0:0]0!0
Rose 1/0:0'1]0'0i0]10 1loroi1]/1:i0:0[1:0
Apple 2{0!1:0]010!0] 11 2001011111
Frut 3/{0:1:1/0:0:0]0'0 sloi1:1]oi1:0]00
Cherry4| 1:0:0]0:0: 011 al1i0:0]111 @11
Grape 5/ 1,0:1/0:0:0] 01 5{170:1]/0!1:0]01
SDR[0:0!0:..0..0..i......] [ i i1i1i00..0..]
SMR[1:1!110:0:0:0!0] l0i0!0!1:1:0:!0!0]
WMR[0:0!0:1:0:0:0:!0] [0i0!0i0/0!1:0!0]
(a) (b)

Marker  Group
Identifier bit field identifier
ST\ 0 1 2
0jo'0!0|1:0'0]0!0
11001000 ]1:0
2l0:1:0/010:0]1:1
3lo:1:1]0:0:0]0:0
41'0:0/0'0'0|1:1
5/1:0!1/0:0:0/|0!1
Lottt bttt
[0:0!0!0!0:0!1:0]
[0:0!0!1:0!0!0;0]
(©)

Figure 7. Register settings (SDR, SMR, and WMR) for marker bit processing: search (a), set intersection (b), and parallel

marker propagation (c).

sets marker bits 0 of nodes rose, apple,
and cherry. Figure 8a shows the result.
Members of fruit are obtained in a simi-
lar manner; the fruit node is located by
association and then its members, apple,
cherry, and grape, are obtained by
marker propagations (Figure 8b).

Finally, a set operation is performed to
get the answer nodes; nodes where both
marker bit 0 and 1 are set are located by a
search operation, using SDR and SMR set
as in Figure 7b. The search will locate
words 2 and 4 (that is, the apple and cherry
nodes) as the answer, followed by a par-
allel-write operation that writes marker
bit 2 on those words (See Figure 7b).

While sequential marker propagation
takes place in a time proportional to the
number of links on which markers are
propagated, parallel marker propagation
can be done with constant times, regard-
less of the number of links. Parallel
marker propagation is powerful in han-
dling large network data where a node
with many links (we call this a large fan-
out node) often exists. In such a node,
marker propagation has to be repeated
as many times as the number of links con-
nected to the node, resulting in an exe-
cution bottleneck.

In parallel marker propagation, a large
fan-out node is referred to as a base node,
and nodes connected to it are referred to
as descendant nodes. For example, when
members of the red node are obtained by
marker propagation, the red node is a
base node; and the rose, apple, and
cherry nodes are descendants.
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The basicidea of parallel marker prop-
agation is to search descendant nodes by
using a group identifier associated with
each base node, and then write one par-
ticular bit at a time into each descendant
node with a parallel-write operation. An
allocator that encodes semantic networks
into the representation on the IXM2’s as-
sociative memories generates a group
identifier for each group. A group con-
sists of a base node, link type, and de-
scendant nodes. For example, the net-
work in Figure 4 has two groups: {RED,
IS_A, {ROSE, APPLE, CHERRY}} and
{FRUIT, IS_A, {APPLE, CHERRY,
GRAPE}}. An associative memory word
for each descendant node has a group
identifier. Therefore, a base node can lo-
cate its descendant nodes by a search op-
eration with the group identifier, and fol-
lowing this, a parallel-write operation sets
each particular marker bit one at a time
on each descendant node word. For ex-
ample, via parallel marker propagation,
descendant nodes of the red node can be
located by a search operation with a value
of 1, which is on the left bit of a group
identifier in Figure 6, followed by a paral-
lel-write operation. Figure 7c shows the
register setting for those operations.

The IXM2

The IXM2 is the first massively parallel
associative processor to clearly demon-
strate the computing power of a large as-
sociative memory.’ It attains 256K-fold

Marker
bit field
1

0
Red 0} 1
Rose 1|(D!
Apple 2
Fruit 3| 0
Cherry 4
Grape 5

o|o|Oo|jOo|O|O
oO|lojo|jo|Oo|Oo (N
ol|la|lolw|=a|=|O

el Blel]-

o|o|jo|Oo|O|O|N

T
'
'
T
'
'
'
'
'
'
T
1
'
'
'

(a) (b)

Figure 8. States of marker bit field:
members of red (a) and fruit (b).

parallelism by using the NTT AM chip.

The system consists of 64 associative
processors (APs) and nine network pro-
cessors (NPs). The IXM2 is actually a co-
processor under the control of a host
SparcStation (see Figure 9 on the next
page). Each AP has an associative mem-
ory of 4 Kwords of 40 bits, plus a 17.5-
MHz IMS T800 transputer. The IXM2
also employs a complete connection
scheme to speed up marker propagation
among APs.

In an AP, eight AM chips are con-
nected to the transputer bus via simple
interface logic just as additional memo-
ries are connected to the bus. No inde-
pendent AM controllers are required.

The NTT AM chip. The associative

memory chip is an NTT 20-Kbit associative
memory (512 words by 40 bits) designed by
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Figure 9. The IXM2 and its host Sun
SparcStation-2.

Ogura® and his colleagues. The chip is a
processor rather than a memory, executing
26 instructions classified into four types:
search, write, read, and garbage collection.
This combination provides powerful func-
tions, such as relational search and long-
word data processing. The parallel-write
instruction, which writes a pattern in par-
allel into all the words just selected by a
previously executed search instruction, is
extremely useful in SIMD processing, es-
pecially when intermediate results of prob-
lem solving are stored as marker bits, as
described above.

Programming with a high-level lan-
guage. Associative memory processing
can be specified directly with Occam2.
User-defined reserved words are used in
programming statements directly corre-
sponding to NTT AM instructions. For
example, AM.Init is declared to be a lit-
eral with a particular value. When this
address value appears on the transputer
address bus, a part of this value is inter-
preted as the AM initialization instruc-
tion by the associative memory interface.
Thus, IXM2 programming is simple and
requires no software-interface routines,
which can cause processing overhead.

Memory-based
translation

There are two lines of research based
on this idea. The first one is to use a mem-
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ory-based approach to identify top-level
syntactic structures; the second is to use
memory-based translation for translating
phrases. These two approaches are com-
plementary. Using sentence-structure
matching in a memory-based approach
lets the system segment phrases and iden-
tify macrostructures. The system can then
decompose phrases and use memory-
based translation to translate phrases at a
high-quality level.

We describe three IXM2 memory-
based systems: Astral’” (Associative
model of Translation of Language), the
EBMT (Example-Based Machine Trans-
lation) and the TDMT (Transfer-Driven
Machine Translation). Astral focuses on
top-level tasks, and the EBMT focuses
on phrase-level tasks. The TDMT is an
effort to hybridize Astral and the EBMT.

Astral: An experimental system. This
is an implementation of memory-based
translation on the IXM2. Figure 10 shows
the overall architecture. The memory
consists of four layers: phoneme, pho-
neme sequence, lexical entry, abstraction
hierarchies, and conceptual sequence.

e Phonemes represented as nodes in
the network connect to each instance
of a phoneme in the phoneme-
sequence layer. Weights are associ-
ated with links that represent the
likelihood of acoustic confusion
between phonemes. The phoneme
sequence of each word is represented
in the form of a network (see Figure
11).

The lexical (word) entry layer is a set
of nodes. Each one represents a spe-
cific lexical entry.

The class/subclass relation is repre-
sented using IS_A links. The highest
(the most general) concept is *all,
which entails all possible concepts in
the network. Subclasses are linked
under the *all node, and each sub-
class node has its own subclasses.
Concept sequences that represent
patterns of input sentences are rep-
resented in the form of a network.
Concept sequences capture linguis-
tic knowledge (syntax) with seman-
tic restrictions.

Figure 11 shows a part of the network.
The figure shows a node for the word
“about,” and how the phoneme sequence
is represented. The left side of the figure
shows how the network on the right side
is represented in the IXL program-

ming language.® (Refer to Kitano and
Higuchi’ for details of the mapping of se-
mantic networks to IXM2.) We have en-
coded a network including phonemes,
phoneme sequences, lexical entries, ab-
straction hierarchies, and concept se-
quences that cover the entire task of the
ATR conference registration domain.

The vocabulary size is 405 words in one
language, and more than 300 sentences
in the corpus have been covered. The av-
erage fan-out of the network is 40.6. We
did not set the weight in this experiment
so that we could compare the perfor-
mance with other parsers that do not han-
dle stochastic inputs. (In real operation,
however, a fully tuned weight is used.)
We also used a hierarchical memory net-
work to attain a wider coverage with
smaller memory requirements.

The host computer contains the table
for templates of the target language. The
system creates the binding table between
each concept and concept sequence, and
specific substrings by using the corpus.
When parsing is complete, the genera-
tion process is invoked on the host. It is
also possible to perform distributed com-
puting on 64 T800 transputers. The gen-
eration process is computationally cheap,
since it only retrieves and concatenates
substrings in the target language. These
substrings are bound to conceptual nodes
in patterns that mimic the concept se-
quence in the target language.

Algorithm. The parsing algorithm is
simple. Activation markers (A-markers)
and prediction markers (P-markers) con-
trol the parsing process. A-markers are
propagated through the memory net-
work from the lexical items, which are ac-
tivated by the input. P-markers designate
the next possible elements to be acti-
vated. When an A-marker collides with a
P-marker, the A-marker is moved to the
next element of the sequence. We have
implemented several mechanisms to at-
tain robust processing. These include tol-
erances against noisy phoneme insertion,
phoneme misrecognition, and missing
phonemes. This algorithm is similar to
the basic framework of the PDM-Dialog
speech-to-speech translation system.’
(Refer to Kitano'? for details.)

System performance. We carried out
several experiments to measure system
performance. The system attained pars-
ing on the order of milliseconds. PLR is a
parallel version of Tomita’s LR parser.
Its performance provides only a general
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idea of the speed of traditional parsing
models. Since PLR machines and gram-
mars differ from those in our experi-
ments, we cannot directly compare the
two processes. However, the total time
required and the exponential increase of
parsing time in the case of PLR clearly
demonstrate the problems inherent in the
traditional approach.

The memory-based approach on the
IXM2 (with the MBT) shows an order-
of-magnitude faster parsing perfor-
mance. Also, the parsing time increases
almost linearly to the length of the input
sentences, as opposed to the exponential
increase seen in traditional parsing algo-
rithms. The CM-2 runs at a slow speed
but exhibits similar characteristics to
those of the IXM2. The CM-2’s speed is
due to the processing element capabili-
ties and the machine architecture. The
fact that the CM-2 shows a similar curva-
ture indicates the benefits of the MBT.
The Sun-4 implementation that the per-
formance degrades drastically as the size
of the knowledge base (KB) grows, as
discussed below.

We have also tested scalability by in-
creasing KB size. This size is measured
by the number of nodes in the network.
Performance degradation grows more
slowly than a linear function of the gram-
mar KB, due to the local activation of the
algorithm. This trend is the opposite of
the traditional parser, in which parsing
time grows faster than a linear function of
the grammar KB size (which generally
grows as the square of the size of gram-
mar rules), due to a combinatorial ex-
plosion of serial rule applications.
The CM-2 shows a performance trend
similar to that of the IXM2, but is much
slower due to the slow processing capa-
bility of 1-bit PEs. The Sun-4 has a dis-
advantage in a scaled-up KB due to its
serial architecture. Particularly, the MBT
algorithm involves extensive use of set
operations to find nodes with an A-
marker, P-marker collision, which is suit-
able for SIMD machines. Serial machines
search the entire KB, which leads to the
undesirable performance.

Example-Based Machine Translation.
While Astral focuses on identifying en-
tire syntactic structures, the EBMT fo-
cuses on producing translation at the
phrase level. The EBMT

(1) prepares a database consisting of

translation examples,
(2) retrieves examples whose source
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*animate *AUX
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Phoneme sequence layer
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Figure 10. Astral’s overall architecture.

link(first, ax31, about).
link(last, t34, about).
link(instance_of, ax31, ax).
link(destination, ax31, b32).
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Figure 11. Network for the word “about”

part is most similar to the input
phrase or sentence from the exam-
ple database, and

(3) obtains the translation based on re-
trieved examples.

By focusing the task at the phrase level,
we can collect a larger effective dataset to
produce translation. This is a critical issue
in attaining high-quality translation. One
of the key issues in the EBMT is seman-
tic distance calculation, and the IXM2 has
been proven to be computationally ef-
fective for this task.

The other key issue in the EBMT is to
determine a set of examples with mini-
mum semantic distance from the input.
In other words, the EBMT involves the
full retrieval of the most similar exam-
ples from the example array.

Experiments. Suppose Input / and Ex-
ample E are composed of n words. Our
semantic distance measure is the sum-
mation of the distance, d(I,, E,) at the k-

and its phoneme sequence.

th word, multiplied by the weight of the
k-th word, w,.

Y d(I,, E)xw,

k=1

The distance d(J,, E,) is determined by
a method we devised using a thesaurus.
Each word corresponds to its concept in
the thesaurus. The distance between
words is reduced to the distance between
concepts. The distance between concepts
is determined according to their positions
in the thesaurus hierarchy. The distance
varies from 0 to 1. When the thesaurus is
(n+1) layered, the distance, (k/n) is given
to the concepts in the k-th layer from the
bottom (0 < k < n). The weight w, is the
degree to which the word influences the
selection of the translation. For example,
the Japanese words “kaigi” (conference)
and “kaisetsu” (commentary) have a dis-
tance of 1/3 because a minimal common
node in the thesaurus hierarchy can be
found at 1/3 of the total hierarchy layer.
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But, the Japanese words “kaigi” (confer-
ence) and “soudan” (meetings) have a
distance of 0, since the words are sub-
sumed by a concept at the bottom layer.
This is a very crude way of determining
the distance, but our experiments demon-
strate that such methods work reasonably
well in the domain.

In fact, it has been demonstrated!! that
the EBMT outperforms traditional ma-
chine translation in the accuracy of target
word selection in function words (for ex-
ample, Japanese particles and English
prepositions).

In the experiments, we translated the
Japanese noun phrases of the form “A no
B” into English. (A and B are nouns, and
“no” represents an adnominal particle.)
They are translated into various English
noun phrases such as “B of A,” “Bin A,”
“B for A,” “B at A” and so on (A and B
are English translations of A and B.) They
are representative because the examples
are composed of three variables, or words
(two or three variables is typical), and
they are difficult in traditional machine
translation, although the EBMT can han-
dle them well. The “A no B” examples
were collected from the ATR corpus,
which consists of Japanese sentences and
their English translations concerning the
conference registration task.

Experimental results. We have experi-
mented with 1,000 examples. The pro-
cessing time was 270 milliseconds on the
SparcStation-2 and 21 milliseconds on the
IXM2. The IXM2 attains a speed almost
13 times greater than that of the Sparc-
Station-2. A fully equipped IXM2 (with
64 associative processors) loads 64,000
examples. For this set size, the IXM2 can
attain a speed 13 x 64 = 832 times greater
than the SparcStation-2 if communica-
tion overhead is not considered.

The IXM2 can perform in this manner
because it carries out matching processes
by using parallel search and parallel-write
operations for the AM chip. Distance cal-
culations are triggered in constant time
and are executed in linear time by the
transputer.

On the other hand, another massively
parallel machine, the CM-2, took 240 mil-
liseconds. Although the CM-2 conducts
matching processes in constant time, the
example collection process is executed
linearly by the host machine, a SparcSta-
tion-2. Unfortunately, the communica-
tion between CM-2 and SparcStation-2
occurs through the VMEDbus, which is
very slow. Thus, the advantage of a data-
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parallel search was completely lost in the
communication bottleneck of data col-
lection by the host.

Transfer-Driven Machine Translation.
The TDMT is an effort to design and de-
velop a novel machine-translation archi-
tecture based on our previous experi-
ments with Astral and the EBMT.!213 the
TDMT is essentially a combination of
two processes: sentence pattern identifi-
cation and phrase-level translation. Af-

The TDMT approaches
translation by
determining how
concepts expressed in
one language should be
converted to another.

ter the sentence pattern is identified,
phrase translation proceeds concurrently.

Although most machine-translation
models consider translation as a pipelined
process of parsing-transfer-generation,
the TDMT approaches translation as a
problem of determining how concepts ex-
pressed in one language should be con-
verted into another. The TDMT discards
the notion of pipelined processing and
adopts a transfer-driven view. This ap-
proach resulted in vastly different ma-
chine-translation architectures. Transla-
tion is performed by the transfer module
using stored empirical transfer knowl-
edge. Other modules, such as lexical pro-
cessing, analysis, generation, and contex-
tual processing, help the transfer module
apply transfer knowledge and produce
correct translation results.

In the TDMT, transfer knowledge is the
primary knowledge used to solve transla-
tion problems. Most of the knowledge is
described by an example-based framework.
Transfer knowledge describes the corre-
spondence between source-language ex-
pressions (SEs) and target-language ex-
pressions (TEs) in certain meaningful units,
preserving the translational equivalence.

The TDMT uses the EBMT’s semantic
distance-calculation method to determine
the most plausible target expression and
structure in a transfer. The semantic dis-
tance between words is reduced to the dis-

tance between concepts in a thesaurus. 9
Transfer knowledge in an example-
based framework is described as follows:

SE  => TEl (E11,E12,...),

TEn (Enl,En2,...)

Each TE is associated with examples.
E,; indicates the j-th example of TE.. To
select a TE, the input sentence is matched
against all examples in the memory base
using an extended version of the seman-
tic distance calculation adopted in the
EBMT. An example with the smallest
distance from the input is chosen, and the
TE of that example is extracted to make
the most plausible target sentence.

Massively parallel TDMT. The most
important consideration in implementing
the TDMT strategy on a massively paral- -
lel machine is to maximize parallelism.
Since semantic distance calculation is the
most computationally demanding step in
the TDMT, our successful implementa-
tion of this calculation on the IXM2 was
significant. Careful analysis of the com-
putational cost in the sequential version
of the TDMT reveals that the semantic
distance calculation for the top 10 patterns
accounts for nearly 94 percent of the
whole semantic distance-calculation time.

Accordingly, we have decided to im-
plement the semantic distance calcula-
tion of the top 10 patterns on the IXM2 to
substantially reduce the computing time.
Each pattern of the top 10 is assigned to
each associative processor. Examples of
each form are stored in one associative
processor. Thus, examples of the top 10
patterns are stored in 10 APs.

Performance analysis of sequential vs.
massively parallel TDMTs. To attain
real-time performance for spoken lan-
guage translation, we assume that the
translation time per sentence must be a
few seconds, at most.

In a test run of 746 sentences with se-
quential TDMT,

(1) half were translated in less than 2 sec-
onds,

(2) most of the rest were translated in
more than 2 but less than 10 seconds,
and

(3) 25 were translated in more than 10
seconds.

In terms of the experiment mentioned
in the EBMT section, the semantic dis-
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tance calculation time is reduced to about
1/13 when using the IXM2. As a result,
the total translation time per sentence is
reduced by half on average and is a max-
imum of 2.5 seconds for 97 percent of the
test sentences (Figure 12). Therefore, the
massively parallel TDMT will attain a
speed sufficient for spoken language
translation.

Discussion

The most salient feature of memory-
based translation is that matching input
with an example database can be per-
formed with fine-grained parallelism, but
example collections cannot be paral-
lelized after the matching procedure. Ex-
ecution time for the example collection is
influenced heavily by differences in com-
puter architecture. To examine this, let’s
look at the EBMT results again.

The CM-2 has a serious communica-
tion-overhead problem. The VMEbus
bottleneck is between the host and the
CM-2. The CM-2 took only 9 millisec-
onds to calculate each semantic distance.
The data-parallel nature of the EBMT
makes this a quick process. This comput-
ing time is constant up to 64K examples
because one processor has only one
example to calculate. Despite this high
performance in distance computing, the
CM-2’s overall response time is 240 mil-
liseconds, indicating the significant im-
pact of the communication overhead.

Intel’s iPSC/2 loosely coupled multi-
processor system took 328 milliseconds
for 1,000 examples with a 16-PE configu-
ration, though this is slower than the 270
milliseconds achieved by a SparcStation-
2. Interprocessor communication absorbs
110 milliseconds of the 328 milliseconds.
Based on our experiments, a 256-PE
iPSC/2 would require 220 milliseconds
for communication, whereas semantic
distance calculation is completed in about
14 milliseconds (for the 1,000 examples).
Thus, communication overhead is also a
serious problem in a loosely coupled mul-
tiprocessor.

Nor is the Cray X-MP 216 a good
choice; it was slower than more recent
workstations such as the 99-MHz HP735:
101 milliseconds for the Cray and 90 mil-
liseconds for the HP with 1,000 examples.
The main reason for this is that transla-
tion does not involve many floating-point
operations. In addition, the average vec-
tor length was about 60, which is not suit-
able for a vector supercomputer.
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Figure 12. Translation time for sequential TDMT (a) vs. massively parallel TDMT (b).

The IXM2 architecture was superior
to other machines because of high-per-
formance example search by associative
memory and minimum communication
overhead due to the use of the transputer
for collection examples. In fact, the in-
terprocessor communication required for
the EBMT is simply the transmission of
the chosen examples to the host. Exper-
imental data indicates that the IXM2
took 14 milliseconds for matching and 7
milliseconds for collection. Though exe-
cution time only for IXM2 distance cal-
culation is slower than that for the CM-2
(9 milliseconds), the IXM2’s overall per-
formance is better.

Requirements for associative memory
as a SIMD parallel device. Because of our
experiences in using associative memo-
ries for massively parallel computing, we
believe three functions are required for
associative memories: (1) partial writing,
(2) parallel writing, and (3) a multiword
function.

In marker bit processing implemented
on associative memories, as we described,
each marker bit is used as temporary stor-
age of intermediate processing results,
just as a microprocessor uses register files
to store intermediate results. This usage
of associative memory is inevitable for
SIMD parallel processing on associative
memories. To realize this usage, partial

writing capability that permits bits to be
written selectively is required.

The parallel-write operation is second
only to the search function in terms of
contributing the most to parallel pro-
cessing on associative memories. As pre-
viously described, this function reduces
the algorithmic complexity of the prob-
lem; for example, set intersection on a se-
quential machine takes O(N), where N is
the number of data, whereas it takes O(1)
on the IXM2. Set intersection with asso-
ciative memory is very powerful, outper-
forming a Cray by two orders of magni-
tude for 64K data.’

A key issue in using associative mem-
ories is how to represent (or encode) nec-
essary information on associative mem-
ory in the most compact form; however,
multiple words are usually required. A
multiple-word function is needed to rep-
resent information that cannot be repre-
sented with one word. To implement a
multiword function, the search result of
one word (that is, the content of a hit reg-
ister) should be propagated to an adja-
cent word. This function is implemented
in the NTT AM chip to represent one
EBMT example with four words.

hough the IXM2 attains better
performance in memory-based

translation than other computers
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Status report

The IXM2 is the successor of the IXM1, which began in 1987 as an implemen-
tation of the NETL semantic network machine proposed by S. Fahiman. By 1990,
the IXM2 grew into a massively parallel SIMD machine with large associative
memories. Research was mainly performed by T. Higuchi in collaboration with
Carnegie Mellon University and ATR with the overall goal of developing a ma-
chine that could answer one of the Grand Challenges — automatic real-time

speech translation between languages.

The IXM2 uses 64 associative processing transputers and nine communica-
tions transputers, having a total of 256 Kwords of associative memory (one of the
largest associative memories developed). It can outperform a Cray supercom-
puter by an order of two magnitudes in set-intersection operations, which are
heavily used in such Al applications as speech translation and knowledge-base

processing.

The IXM2 is being upgraded with faster transputers and memories, and a
TDMT that uses 5,000 examples. Initial experiments show that the IXM2 can
maintain its current level of response while processing this increase in examples.

do, there is much room for performance
improvement. The first area is the asso-
ciative memory. The NTT AM chip used
for the IXM2 was made in 1988 with a
1.2-micron VLSI design rule, whereas a
0.5 micron design rule is now common.
The chip operates at 4.4 MHz, which is
quite slow compared with the current
technology standard VLSI implementa-
tion. In addition, the silicon chip size of
the NTT AM is almost one fourth of to-
day’s VLSI standard. Considering recent
progress, there is no doubt that we can
make much more powerful AM chips.
Ogura, who designed the NTT AM chip,
estimates that were the NTT AM chip to
be designed again with current technol-
ogy; a 256-Kbit, 40-MHz AM chip would
be feasible. This means roughly a ten-fold
increase in both speed and density is pos-
sible with current technology, resulting
in a desktop associative processor with a
database of atleast one million examples.

The transputer can also be improved.
The type used for the IXM2 is slow com-
pared with current RISC chips, both in
the MIPS value and the communication
speed. Recently, intercommunication for
multiple computers employing wormhole
routing has achieved much higher per-
formance in communication than the
transputers in the IXM2.

Considering these potential improve-
ments, memory-based translation sup-
ported by an associative multicomputer
system seems the most promising choice
for real-time speech-to-speech transla-
tion. M
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