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PATTERN MATCHING FOR LARGE 
VOCABULARY SPEECH RECOGNITION WITH 
PACKED DISTRIBUTION AND LOCALIZED 

TRELLIS ACCESS 

CROSS-REFERENCE TO RELATED 
APPLICATION 

[0001] This application is a continuation-in-part of US. 
application Ser. No. 10/127,184, entitled, “Pattern Matching 
for Large Vocabulary Speech Recognition Systems, ?led 
Apr. 22, 2002. 

BACKGROUND OF THE INVENTION 

[0002] The present invention relates generally to large 
vocabulary continuous speech recognition system, and more 
particularly, to a method for improving pattern matching in 
a large vocabulary continuous speech recognition system. 

[0003] Pattern matching is one of the more computation 
ally intensive aspect of the speech recognition process. 
Conventional pattern matching involves computing similar 
ity measures for each acoustic feature vector in relation to 
each of the acoustic models. HoWever, due to the large 
number of acoustic models, only a subset of acoustic models 
may be loaded into the available memory at any given time. 
In order to compute similarity measures for a given acoustic 
feature vector, conventional pattern matching requires a 
number of I/O operations to load and unload each of the 
acoustic models into the available memory space. 

[0004] Therefore, it is desirable to provide an improved 
method of pattern matching that reduces the number I/O 
operations associated With loading and unloading each 
acoustic model into memory. 

SUMMARY OF THE INVENTION 

[0005] In accordance With the present invention, a method 
is provided for improving pattern matching in a speech 
recognition system having a plurality of acoustic models. 
The improved method includes: receiving continuous 
speech input; generating a sequence of acoustic feature 
vectors that represent temporal and spectral behavior of the 
speech input; loading a ?rst group of acoustic feature vectors 
from the sequence of acoustic feature vectors into a memory 
Workspace accessible to a processor; loading an acoustic 
model from the plurality of acoustic models into the memory 
Workspace; and determining a similarity measure for each 
acoustic feature vector of the ?rst group of acoustic feature 
vectors in relation to the acoustic model. Prior to retrieving 
another group of acoustic feature vectors, similarity mea 
sures are computed for the ?rst group of acoustic feature 
vectors in relation to each of the acoustic models employed 
by the speech recognition system. In this Way, the improved 
method reduces the number I/O operations associated With 
loading and unloading each acoustic model into memory. 

[0006] In accordance With another aspect of the invention, 
a method is provided for processing speech data utiliZing 
high speed cache memory. The cache memory has an 
associated cache mechanism for transfer of data from system 
memory into cache memory that may operate automatically 
or under program control, depending on the features pro 
vided by the processor. First, a main table of speech data in 
system memory is provided along With a list that establishes 
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a processing order of a subset of said speech data. In this 
regard, the tem “list” is intended to encompass any data 
structure that can represent sequential information (such as 
the sequential information found in a speech utterance). 

[0007] The method involves copying the subset of said 
speech data into a sub-table that is processed such that 
entries in said sub-table occupy contiguous memory loca 
tions. Then the sub-table is operated upon using a speech 
processing algorithm, and the cache mechanism associated 
With said high speed cache memory is employed (automati 
cally or programmatically) to transfer the sub-table into said 
high speed cache memory. In this Way, the speech processing 
algorithm accesses the subset of speech data at cache 
memory access rates and thereby provides signi?cant speed 
improvement. 
[0008] For a more complete understanding of the inven 
tion, its objects and advantages, reference may be had to the 
folloWing speci?cation and to the accompanying draWings. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0009] FIG. 1 is a block diagram depicting an exemplary 
speech recognition system; 
[0010] FIG. 2 is a ?oWchart illustrating a method for 
improving pattern matching in large vocabulary speech 
recognition systems in accordance With the present inven 
tion; 
[0011] FIG. 3 is a block diagram illustrating hoW the 
improved method of pattern matching may be distributed 
across multiple processing nodes in accordance With the 
present invention; 
[0012] FIGS. 4A-4C are diagrams illustrating hoW the 
decoding processing may be distributed amongst various 
processing nodes in accordance With the present invention; 

[0013] FIG. 5 is a diagram depicting an exemplary lexical 
search space; 

[0014] FIGS. 6 and 7 are block diagrams depicting dis 
tributed architectural arrangements for large vocabulary 
speech recognition systems in accordance With the present 
invention; 
[0015] FIG. 8 is a block diagram illustrating a general 
relationship betWeen main system memory and high speed 
cache memory; 

[0016] FIG. 9 is an algorithm block diagram illustrating a 
preferred embodiment of the packed distribution and local 
iZed trellis access method; 

[0017] FIG. 10 is an exemplary Word graph illustrating 
hoW a processing order may be extracted from a spoken 
utterance; 

[0018] FIG. 11 is a data How diagram providing an 
example of hoW the packed mixture table (sub-table) is 
populated using the packed distribution and localiZed trellis 
access technique; and 

[0019] FIG. 12 is a ?oWchart describing a presently 
preferred method for implementing the packed distribution 
and localiZed trellis access technique. 

DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENTS 

[0020] FIG. 1 illustrates an exemplary speech recognition 
system. The system operates in tWo phases: a training phase, 
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during Which the system learns the reference patterns rep 
resenting the different speech sounds (e.g., phrases, Words, 
phones) that constitute the vocabulary of the application; 
and a recognition phase, during Which an unknoWn input 
pattern is identi?ed by considering the set of references. 
During the training phase, each reference is learned from 
spoken examples and stored either in the form of templates 
obtained by some averaging method (in template-matching 
systems) or acoustic models that characteriZe the statistical 
properties of patterns (like in stochastic systems). One of the 
most popular stochastic systems utiliZes a statistical mod 
eling approach employing Hidden Markov Models (HMM). 

[0021] The exemplary speech recogniZer performs the 
recognition process in three steps as shoWn in FIG. 1. First, 
speech analysis and feature extraction 10 is performed on 
the input speech. This step generates a sequence of acoustic 
feature vectors representing the temporal and spectral 
behavior of the speech input. In general, an input speech 
signal is partitioned into a sequence of time segments or 
frames. Spectral features are then extracted from each frame 
using a variety of Well knoWn techniques. 

[0022] Next, acoustic pattern matching occurs at step 12. 
During this step, a similarity measure is computed betWeen 
each frame of input speech and each reference pattern. The 
process de?nes a local measure of closeness betWeen acous 
tic feature vectors and further involves aligning tWo speech 
patterns Which may differ in duration and rate of speaking. 
The pattern classi?cation step uses a plurality of acoustic 
models 14 generated during the training phase. 

[0023] A diagram of a simple Hidden Markov Model is 
shoWn at 20 of FIG. 1. As noted above, Hidden Markov 
Models are commonly employed as acoustic models by 
speech recognition systems. For illustration purposes, a 
three-state Hidden Markov Model is depicted having the 
states designated s1, s2 and s3. It is readily understood that 
HHMs could employ a different number of states. Moreover, 
it is understood that the present invention is not limited to 
HMMs, but is applicable to speech recognition systems 
employing other types of acoustic models. 

[0024] Each Hidden Markov Model includes a collection 
of probabilities associated With the states themselves and 
transition amongst the states. Because probability values 
associated With each state may be more complex than a 
single value could represent, some systems Will represent 
probability in terms of a Gaussian distribution. To provide a 
more robust model, a mixture of Gaussian distributions may 
be used in a blended manner to represent probability values 
as shoWn diagrammatically at 26 and referenced by a 
mixture index pointer 28. Thus, associated With each state is 
a mixture index pointer Which in turn identi?es the Gaussian 
mixture density data for that state. 

[0025] Transitions amongst the states are illustrated by 
arroWs. Each self-loop transition has an associated transition 
probability as depicted at 22; Whereas each transition to 
another state also has an associated transition probability as 
depicted at 24. LikeWise, transition probabilities may be 
represented by Gaussian distributions data or Gaussian 
mixture density data. 

[0026] In the context of large vocabulary speech recog 
niZers, Hidden Markov Models are typically used to model 
sub-Word units, such as phonemes. HoWever, speech recog 
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nition systems that employ Word-level acoustic models or 
acoustic models based on another speech sub-component are 
also Within the scope of the present invention. For more 
information regarding the basic structure of Hidden Markov 
Modeling, see Junqua, Jean-Claude and Haton, Jean-Paul, 
Robustness in Automatic Speech Recognition, Fundamen 
tals and Applications, KluWer Academic Publishers, 1996. 

[0027] Speech recognition concludes With a decoding step 
16. The probability that a particular phoneme Was spoken is 
provided by the acoustic models as part of the pattern 
matching process. A sequence of Words can then be con 
structed by concatenating the phonemes observed during the 
pattern matching process. The process of combining prob 
abilities for each possible path and searching through the 
possible paths to select the one With highest probability is 
commonly referred to as decoding or searching. In other 
Words, the decoding process selects a sequence of Words 
having the highest probability given the observed input 
speech. A variety of Well knoWn searching algorithms may 
be used to implement the decoding process. 

[0028] In one aspect of the present invention, an improved 
method is provided for performing pattern matching in a 
large vocabulary continuous speech recognition system as 
shoWn in FIG. 2. Rather than determine similarity measures 
for each acoustic feature vector as it is received, a group of 
acoustic feature vectors are buffered into cache memory that 
is accessible to a data processor. Similarity measures are 
then determined for each acoustic feature vector in the group 
of vectors. This improved method may be herein referred to 
as “horiZontal caching”. 

[0029] Referring to FIG. 2, a ?rst group of acoustic 
feature vectors is retrieved into a memory Workspace at step 
32. Similarly, one or more acoustic models are also loaded 
into the memory Workspace at step 34, Where the number of 
acoustic models loaded into memory is a subset of the 
acoustic models employed by the speech recognition sys 
tem. In the case of HMMs, the Gaussian distribution data or 
Gaussian mixture density data Which serves as the basis for 
the acoustic model is loaded into memory. One skilled in the 
art Will readily recogniZe that the term “memory Workspace” 
preferably refers to cache memory or some other data store 
readily accessible to the data processor. It is envisioned that 
the number of acoustic feature vectors associated With the 
?rst group and the number of acoustic models loaded into 
the memory Workspace should be selected to optimiZe use of 
the available memory space. 

[0030] A similarity measure can then be computed at step 
36 for each acoustic feature vector in the ?rst group of 
vectors. For example, a Gaussian computation may be 
performed for each acoustic feature vector as is Well knoWn 
in the art. Resulting similarity measures may be stored in an 
output memory space Which is also accessible to the pro 
cessor performing the computations. By performing the 
similarity computation for a group of acoustic feature vec 
tors, the present invention reduces the number I/O opera 
tions required to load and unload each acoustic model. 

[0031] Prior to retrieving additional acoustic models, the 
acoustic models currently resident in the memory Workspace 
are removed at step 38. Additional acoustic models are then 
loaded into the memory space at step 42. If desired the 
removal step 38 can be performed concurrently With the 
loading step 42; the loading step can overWrite What is 
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already stored in the memory Workspace, thereby removing 
the models then resident. Similarity measures are computed 
for each acoustic feature vector in the ?rst vector group in 
relation to each of the additional acoustic models resident in 
the memory Workspace at step 36. Again, the resulting 
similarity measures may be stored in an output memory 
space Which is also accessible to the processor performing 
the computations. This process is repeated via step 40 until 
similarity measures are computed for the ?rst group of 
acoustic feature vectors in relation to each of the acoustic 
models employed by the speech recognition system. 

[0032] Once similarity measures have been determined for 
the ?rst group of acoustic feature vectors, the search process 
is performed at step 44. In particular, the search process 
updates the search space based on the similarity measures 
for the ?rst group of acoustic feature vectors. It is to be 
understood that this aspect of the present invention is not 
limited to a particular searching algorithm, but may be 
implemented using a variety of Well knoWn searching algo 
rithms. 

[0033] Contemporaneous With the search process, a sub 
sequent group of acoustic feature vectors may be retrieved 
into the memory Workspace at step 48. A similarity measure 
is computed for each acoustic feature vector in this subse 
quent group as described above. In other Words, acoustic 
models are loaded and unloaded into the memory Workspace 
and a Gaussian computation is performed for each acoustic 
feature vector in relation to the acoustic models resident in 
the memory Workspace. This process is repeated via step 40 
until similarity measures are computed for the subsequent 
group of acoustic feature vectors in relation to each of the 
acoustic models employed by the speech recognition sys 
tem. It is envisioned that the ?rst group of acoustic feature 
vectors is removed from the memory Workspace prior to 
loading the subsequent group of acoustic feature vectors into 
the memory Workspace. One skilled in the art Will readily 
recogniZe that this is an iterative process that is performed 
for each of the acoustic feature vectors that represents the 
input speech. 
[0034] It is further envisioned that the improved method 
for performing pattern matching may be distributed across 
multiple processing nodes as shoWn in FIG. 3. Rather than 
performing the pattern matching process on a single data 
processor, the process is partitioned among a plurality of 
processing nodes. As Will be further described beloW, each 
processing node is responsible for computing similarity 
measures for a particular acoustic model or group of acous 
tic models. 

[0035] An acoustic front-end node 52 is receptive of 
speech input and operable to generate a sequence of acoustic 
feature vectors as is knoWn in the art. The acoustic front-end 
node 52 is further able to replicate the sequence of acoustic 
feature vectors 54 and distribute the replicated sequences 54 
amongst the plurality of pattern matching nodes 56. It is 
envisioned that the replicated sequence of acoustic feature 
vectors may be partitioned into groups of vectors Which are 
periodically or upon request communicated to the plurality 
of pattern matching nodes. 

[0036] Each pattern matching node 56 is comprised of a 
data processor 58 and a memory space 59 accessible to the 
data processor 58. To perform pattern matching, each pattern 
matching node 56 is adapted to receive the replicated 
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sequence of acoustic feature vectors 54 from the acoustic 
front-end node 52. As described above, each pattern match 
ing node 56 is operable to load one or more acoustic models 
60 into a resident memory space, and then determine simi 
larity measures for each acoustic feature vector in relation 
the loaded acoustic models. In this approach, each pattern 
matching node 56 is responsible for a predetermined range 
of acoustic models, such that computation of similarity 
measures for a given acoustic feature vector or group of 
vectors can occur in parallel, thereby further improving the 
overall performance of the speech recognition process. 

[0037] In another aspect of the present invention, the 
decoding process may be distributed amongst a plurality of 
processing nodes. In general, the search space is comprised 
of observed acoustic data (also referred to as the potential 
search space). Referring to FIG. 4A, the search space may 
be diagrammatically represented as a plurality of nodes 62, 
Where each node signi?es a state of a certain phoneme of a 
certain Word of a certain Word history for language model 
conditioning. The states of all phonemes of all of the Words 
comprise the search space. The search space may be further 
segmented to include a potential search space and an active 
search space. The active search space is the area being 
eXplored by a search algorithm at a given time. In contrast, 
the potential search space is de?ned as the maXimum 
possible active search space. In FIG. 4A, the black nodes 
indicate the active search space; Whereas all of the nodes 
comprise the potential search space. 

[0038] To further reduce computational processing, the 
observed acoustic data may be partitioned amongst a plu 
rality of processing nodes as shoWn in FIG. 4B. A searching 
operation is then performed on the observed acoustic data 
allocated to each processing node, such that at least some of 
the searching operations occur concurrently on different 
processing nodes. Although a Viterbi searching algorithm is 
presently preferred, it is readily understood that other knoWn 
search algorithms, such as a stack decoding algorithm, a 
multi-pass search algorithm or a forWard-backWard search 
algorithm, are Within the scope of the present invention. 

[0039] Partitioning the observed acoustic data further 
includes de?ning link data 64 that is indicative of the 
relationships betWeen the segmented acoustic data residing 
at the different processing nodes. Since each processing 
node only evaluates a subset of the observed acoustic data, 
link data is maintained at each of the processing nodes. As 
further describe beloW, changes in the link data is commu 
nicated amongst the plurality of processing nodes. 

[0040] In FIG. 4B, the search space is segmented in a 
manner that minimiZes the number of required links 
amongst the segmented acoustic data. HoWever, this divi 
sion does not maXimiZe the available processing poWer. The 
searching operation associated With a third processing node 
68 is dependent upon the completion of the searching 
operations associated With a ?rst processing node 66 and a 
second processing node 67. Alternatively, the search space 
may be partitioned as shoWn in FIG. 4C. In this case, each 
state of a certain phoneme is sequentially assigned to a 
different processing node. Although this eXemplary division 
provides a better utiliZation of the available processing 
poWer, it also requires a considerable amount of link data. 
Similarly, it is also envisioned that the observed acoustic 
data may be allocated in proportion to the processing poWer 
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associated With each processing node From such discus 
sions, it is readily understood that the search space may be 
partitioned in accordance With a prede?ned criteria includ 
ing but not limited to the criteria (or combinations thereof) 
discussed above. 

[0041] For illustration purposes, a decoding process based 
on lexical trees is further described beloW. Lexical trees 
generally represent the pronunciations of Words in the 
vocabulary and may be constructed by concatenating the 
phonemes observed during the pattern matching process. 
Each node in a lexical tree is associated to a state of a certain 
phoneme of a certain Word of a certain Word history for 
language model conditioning. The states of all phonemes of 
all Words have been compiled into lexical trees. These trees 
are replicated for Word history language model conditioning. 

[0042] Referring to FIG. 5, the search space 70 is com 
prised of a plurality of lexical trees 72. In this case, one or 
more lexical trees may be allocated to a particular process 
ing node. A terminating node in a lexical tree signi?es a 
unique Word in the lexicon. Links 74 are used to intercon 
nect selective terminating nodes of different lexical trees 72, 
thereby forming likely Word sequences. To derive at the 
most likely Word sequence, a searching algorithm, such as 
the Viterbi searching algorithm, is used to traverse the 
lexical trees in a manner that is Well knoWn in the art. 

[0043] FIG. 6 illustrates an architecture that further dis 
tributes the speech recognition process across multiple pro 
cessing nodes in accordance With the present invention. The 
distributed architecture 80 is comprised of a pattern match 
ing subsystem 82 and a lexical searching subsystem 84 
interconnected by a communication link 86. 

[0044] The pattern matching subsystem 82 is comprised of 
a plurality of pattern matching nodes 88. To perform pattern 
matching, each pattern matching node 88 is adapted to 
receive a replicated sequence of acoustic feature vectors 
from an acoustic front-end node (not shoWn). As described 
above, each pattern matching node 88 determines similarity 
measures for a predetermined range of acoustic models, such 
that computation of similarity measures for a given acoustic 
feature vector occurs in parallel. Resulting similarity mea 
sures are then communicated from each of the pattern 
matching nodes 88 via the communication link 86 to the 
lexical search subsystem 84. 

[0045] Resulting similarity measures are preferably com 
municated in a multicast mode over an unreliable link. A 
reliable link typically require a connection protocol, such as 
TCP, Which guarantees that the information is received by 
the intended recipient. Reliable links are typically more 
expensive in term of bandWidth and latency, and thus should 
only be used When data needs to be received. In contrast, an 
unreliable link usually does not require a connection to be 
opened but does not guarantee that all transmitted data is 
received by the recipient. In an exemplary embodiment, the 
communication link 86 is a standard Ethernet link (e.g., 100 
Mbits/sec). Although an unreliable link is presently pre 
ferred to maximiZe throughout, a reliable link may also be 
used to communicate similarity measures betWeen the pat 
tern matching subsystem and the lexical searching sub 
system. 

[0046] Similarly, the lexical search subsystem 84 is com 
prised of a plurality of searching nodes 90. The search space 
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is partitioned such that each searching node 90 is responsible 
for evaluating one or more of the lexical trees Which de?ne 
the search space. To do so, each searching node 90 is adapted 
to receive similarity measures from each of the pattern 
matching nodes 88 in the pattern matching subsystem 82. 

[0047] If a searching node does not receive some of the 
similarity measure data that it needs, the node could either 
compute it or ask for it to be retransmitted. To recompute 
similarity measures, the searching node Would need to 
access to all of the acoustic models Which could constitute 
a considerable memory use. On the other hand, retransmit 
ting similarity measures is equivalent to implementing reli 
able multicast. Although the approach is expensive in terms 
of bandWidth and especially in terms of latency, it may be 
feasible in some applications. 

[0048] For instance, the latency problem due to retrans 
missions inherent With the reliable multicast mode may not 
be a problem in the horiZontal caching technique described 
above. To maximiZe throughput on the communication link, 
assume that a daisy chain is constructed With reliable links 
betWeen the pattern matching nodes 88. The daisy chain is 
used to synchroniZe the transmission of the similarity mea 
sures using a round-robin approach. This approach has the 
advantage that the pattern matching nodes Would not try to 
Write on the shared link at the same time, thereby creating 
collisions and possible retransmissions. 

[0049] Using this approach, the ?rst pattern matching 
node Would Write the ?rst 10 frames (equivalent to 100 
milliseconds of speech) of its output cache on the shared 
non-reliable link. The ?rst node then signals the next node 
on the chain that it is noW its turn to transmit data. The next 
node Will transmit its data and then signal yet another node. 
Assuming 8 pattern matching nodes, the total amount of data 
each node Will have to send over the shared medium is 10 
frames><10 kminutes/8 nodes><4 bytes=50 Kbytes=0.4 Mbits. 
To complete this process for 8 nodes, it takes 32 millisec 
onds over a 100 Mbits per second shared link, not account 
ing for overhead, latency due to the transmission and syn 
chroniZation of the daisy chain. Since only one third of the 
total aggregate bandWidth of the communication link has 
been used, the remainder of the bandWidth could be used for 
retransmission associated With the reliable multicast. One 
skilled in the art Will readily recogniZe that if the latencies 
are too high, the horiZontal caching technique provides the 
?exibility to increase the batch siZe to more than 10 frames, 
therefore reducing the sensitivity to latencies. 

[0050] Each searching node 90 only processes a subset of 
the lexical trees in the search space. To do so, each searching 
node 90 needs to knoW the state of its associated lexical trees 
as Well as data indicating the links betWeen all of the lexical 
trees in the search space. Thus, each searching node further 
includes a data store for maintaining the link data. 

[0051] Since processing of associated lexical trees by a 
searching node may result in changes to the link data, each 
searching node 90 is further operable to communicate 
changes to the link data to each of the other searching nodes 
in the lexical search subsystem. Here, the communication 
problem is more dif?cult because synchroniZation up to the 
frame time (e.g., 10 milliseconds) and reliability must be 
guaranteed. Although a shared communication link may be 
feasible, a sWitching netWork is preferably used to link 
searching node in the lexical search subsystem. In particular, 
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each searching node 80 is interconnected by a switching 
fabric 92 having a dedicated link. 

[0052] In operation, each searching node 90 Will be lis 
tening and reading the similarity measures from the pattern 
matching subsystem 82. In this case, each searching node 90 
is multi-threaded, so that reading from the communication 
link can be done in parallel With processing of leXical trees. 
At the end of each frame, each search node 90 Will send the 
likely Word endings and a feW other statistics (e.g., likeli 
hoods histograms used to adapt the beam search) to a search 
reduction server 94. The search reduction server 94 is 
operable to combine information about Word endings, apply 
a language model to generate a neW (global) search state and 
sent the search state back (in multicast mode) to each 
searching node 90. All of this process has to be accom 
plished in a time WindoW smaller that the frame rate, and in 
a reliable Way, since the search state has to be maintained 
consistent across all nodes. Therefore, ef?cient reliable 
multicast is preferably employed. In addition, the search 
reduction server is further operable to generate the recog 
niZed sentence and to compute statistics, like the con?dence 
measure or the speaker id, as post processing. 

[0053] FIG. 7 illustrates an alternative distributed archi 
tecture Were the searching nodes 90 are directly linked 
betWeen With a shared medium 98. Assuming that each 
searching node 90 is independently performing the search 
reduction processes in a distributed Way, there is no need for 
a search reduction server. HoWever, each node Will have to 
store the language model and employ an N to N reliable 
multicast communication mode. This solution may be less 
expensive but more dif?cult to implement. 

[0054] Reducing the siZe of the search space is another 
knoWn technique for reducing computational processing 
associated With the decoding processing. Histogram pruning 
is one knoWn technique for reducing the number of active 
nodes residing in the search space. One knoWn technique for 
achieving N best (or approximately N best) pruning is 
through the computation of a histogram. The histogram 
represents the probability density function of the scores of 
the nodes. It is de?ned as y=f(X), Where X is the score and 
y is the number of nodes a given time tWith the score. Since 
scores are real numbers, X does not represent a speci?c 
value, but rather a range. 

[0055] For illustration purposes, a simplistic eXample of 
histogram pruning is provided beloW. Suppose We have 10 
active states at time t, and that We should Wish to retain only 
5 of them. Assume the active states are as folloWs: 

[0056] 
[0057] 
[0058] s2: score 5 associated to node n2 

s0: score 3 associated to node n0 

s1: score 2 associated to node nl 

[0059] s3: score 4 associated to node n3 

[0060] s4: score 4 associated to node n4 

[0061] s5: score 3 associated to node n5 

[0062] s6: score 5 associated to node n6 

[0063] s7: score 3 associated to node n7 

[0064] s8: score 2 associated to node n8 

[0065] s9: score 5 associated to node n9 
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[0066] Thus, the histogram maps: 

[0067] f(2)=2 (states s1, and s8) 

[0068] f(3)=3 (states s0, s5, s7) 
[0069] f(4)=2 (states s3 and s4) 

[0070] f(5)=3 (states s2, s6, s9) 
[0071] We do not need to knoW Which states are associated 
With Which value of X, and therefore a simple array y=f(X) 
is suf?cient. 

[0072] NeXt, to identify the N=5 best, We just look at the 
histogram to compute the threshold, T, corresponding to the 
pruning. If T=6 or above, no states satisfy score(s)>=T. If 
T=5, then add backWards the number of nodes s Which 
satisfy score(s)>=T: f(5)=3. In this case, only three node 
meet the threshold. Since three nodes is insuf?cient to meet 
our pruning criteria (3<N=5), then We continue by setting 
T=4. In this case, ?ve nodes meet the threshold. The 
threshold (T=4), can then be applied to the list of nodes as 
folloWs: 

[0073] s0: score 3 associated to node n0===>remove 

[0074] s1: score 2 associated to node n1===>remove 

[0075] s2: score 5 associated to node n2===>KEEP 

[0076] s3: score 4 associated to node n3===>KEEP 

[0077] s4: score 4 associated to node n4===>KEEP 

[0078] s5: score 3 associated to node n5===>remove 

[0079] s6: score 5 associated to node n6===>KEEP 

[0080] s7: score 3 associated to node n7===>remove 

[0081] s8: score 2 associated to node n8===>remove 

[0082] s9: score 5 associated to node n9===>KEEP 

[0083] Histogram pruning may be implemented in the 
distributed environment of the present invention as 
described beloW. Assume the search space is divided 
amongst three search nodes, K1, K2, and K3, such that: 

[0084] 
[0085] s1: score 2: processed by node K2 

[0086] s2: score 5: processed by node K3 

[0087] s3: score 4: processed by node K1 

[0088] s4: score 4: processed by node K1 

[0089] s5: score 3: processed by node K1 

[0090] s6: score 5: processed by node K2 

[0091] s7: score 3: processed by node K2 

[0092] s8: score 2: processed by node K3 

[0093] s9: score 5: processed by node K3 

s0: score 3: processed by node K1 

[0094] To identify 5 active states, each search processing 
node computes its oWn histogram as folloWs: 

[0095] K1: f(3)=2 (s0 and s5), f(4)=2 (s3 and s4) 

[0096] K2: f(2)=1 (s1), f(3)=1 (s6), f(5)=1 (s6) 

[0097] K3: f(2)=1 (s8), f(5)=2 (s2,s9) 



US 2005/0159952 A1 

[0098] Unfortunately, this example, is not very exemplary 
of the distribution of scores. The distribution is typically in 
an identi?able form, such as exponential. In other Words, 
y=f(M-X)=alpha*exp(1/alpha*(M-X)). In this case, the 
threshold may be computed from estimations for the param 
eters alpha and M. Speci?cally, the threshold is T=M—1/ 
alpha*log N, Where M is the maximum score and the 
expectation (average value) is M-1/alpha. 

[0099] To compute the threshold, an algorithm is imple 
mented at each searching node. The algorithm involves 
looping through all the nodes and computing the mean value 
and max value of all scores. Let Mk denote the max score 
on search processing node Kk, Ek denote the mean value of 
the scores on node Kk, and Wk be the number of active 
nodes on Kk, Where k=1, 2 . . . n. 

[0100] The overall threshold may be recovered by using 
Mk, Ek, and Wk from each of the searching nodes. The 
overall maximum M is equal to the largest Mk and the 
overall mean is 1/(sum Wk)*(sum of Wk*Ek). Since Mk, 
Ek, and Wk are the only entities that need to be transmitted, 
they are called suf?cient statistics for the computation of the 
threshold T. Furthermore, these statistics are much smaller 
than the large array y=f(X). 

[0101] Based on these sufficient statistics, computation of 
a threshold is done at one of the processing nodes (possibly 
the root node) and then transmitted back to each of the 
search nodes. The threshold is applied to the active nodes at 
each processing node as previously explained. 

Packed Distribution and LocaliZed Trellis Access 

[0102] Large vocabulary speech applications Will typi 
cally employ a very large number of speech parameters. For 
example, an exemplary large vocabulary speech recognition 
system may require a Gaussian mixture table containing 
100,000 Gaussians, or more. There is a class of speech 
processing problems that initially require access to the entire 
table, but that later constrain access to a subset of the entire 
table. For example, in a multi-pass recogniZer, the speech 
processing algorithm uses the ?rst pass to constrain the 
search space used by subsequent passes. 

[0103] The need to deal With massive amounts of data 
makes large vocabulary speech applications highly proces 
sor intensive. Unfortunately, conventional processing algo 
rithms do little to combat this problem, but instead place the 
computational burden on comparatively expensive proces 
sors. This traditional “brute force” approach has placed large 
vocabulary applications off limits for a variety of consumer 
products that do not have poWerful processors. HoWever, as 
Will be more fully explained herein, it is possible to signi? 
cantly improve processing throughput, and to signi?cantly 
reduce processor overhead, by taking advantage of the a 
priori knoWledge of the temporal order or spoken order 
inherent in many speech applications. As Will be more fully 
explained, these improvements are achieved through a 
packed distribution and localiZed trellis access method, 
Whereby a subset of the full parameter data space is selected, 
ordered and packed into a neW data structure. The neW data 
structure is designed so that the processor can load it into its 
faster cache memory and then utiliZe the cached information 
in a very efficient manner. Speci?cally, the information is 
ordered and packed to alloW the processor to access the data 
in substantially sequential order, With a substantially 
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reduced likelihood that the cache Will need to be ?ushed and 
reloaded (a time consuming and inef?cient process). 

[0104] To understand hoW the packed distribution and 
localiZed trellis access method is able to produce processing 
speed improvements (10 fold or more) some knoWledge of 
microprocessor caching techniques Will be helpful. FIG. 8 
illustrates a cached memory architecture of the type gener 
ally found in modern day processors. It Will be appreciated, 
hoWever, that FIG. 8 has been simpli?ed to illustrate the 
caching principle. There are, of course, many different Ways 
to implement caching in various different microprocessor 
architectures. 

[0105] The basic concept behind caching is to place the 
most frequently used program instructions and/or the most 
frequently used data in the fastest memory available to the 
processor. In random access memory devices, data access is 
mediated by a clock. This clock dictates hoW quickly the 
information can be read from or Written to the memory 
device under its control. In a typical microprocessor archi 
tecture, the microprocessor itself may operate under control 
of a high speed clock, While the main memory of the 
computer system Will typically operate using a sloWer clock. 
This is because it is generally not economically feasible to 
construct random access main memory circuits that are able 
to operate at the same clock speed as the microprocessor. 

[0106] Illustrated in FIG. 8, caches can be implemented at 
different staged levels, to provide temporary storage for 
processor instructions and/or data values in memory circuits 
that are faster than the main memory of the system. Thus, in 
FIG. 8 main memory 100 is illustrated under the control of 
clock 102. The so-called level 1 cache or L1 cache is 
implemented on the microprocessor core, itself, as illus 
trated at 104. Thus the L1 cache operates under control of 
clock 106, Which also mediates control of the microproces 
sor. In some microprocessor system designs, additional 
intermediate stage caches are also included. Illustrated in 
FIG. 8 is the level 2 cache or L2 cache 108, With its 
associated clock 110; and level 3 cache or L3 cache 112 With 
its associated clock 114. It Will be recogniZed, of course, that 
there are many different cache circuit architectures and thus 
FIG. 8 is intended to simply introduce the caching concept. 

[0107] Typically, the memory architecture, illustrated in 
FIG. 8, acts someWhat as a funnel. Main memory 100 is 
large, but relatively sloW. The L1 cache is comparatively 
small but operates at very high speed. The intermediate level 
2 and level 3 caches are typically smaller than main memory 
100, but faster, With the level 2 cache typically being faster 
than the level 3 cache. These circuits are designed so that 
information (program instructions and/or data) is automati 
cally loaded from main memory 100 into the successive 
cache levels, With the hope that processing speed improve 
ments Will result. The concept Works When the program 
instructions and data can be loaded as a block and then used 
for many successive microprocessor core clock cycles With 
out the need to replenish. The caching concept does not Work 
Well When the processing algorithm needs program instruc 
tions or data that have not been preloaded into the cache, as 
these Will require access to sloWer memory. 

[0108] In a typical speech processing application, such as 
a large vocabulary application, the speech parameters Will be 
stored in a table occupying a portion of the main memory 
100. As the speech processing algorithm performs its task, 
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utilizing these parameters, portions of the parameter table 
Will be loaded into the microprocessor’s cache memory—as 
a natural consequence of being accessed by the speech 
processing algorithm. In conventional speech processing 
algorithms, hoWever, no attempt is made to optimiZe What 
gets loaded into the cache. 

[0109] According to the present invention, it is possible to 
optimiZe What gets loaded into the cache and thereby 
substantially improve the speed at Which speech processing 
tasks may be performed. Referring to FIG. 9, an example of 
the packed distribution and localiZed trellis access technique 
of the invention Will be presented. For purposes of presen 
tation, it has been assumed that the speech application 
employs parameters in the form of a large Gaussian mixture 
table. The table contains the Gaussian mixture parameters 
used to de?ne the states of all Hidden Markov Models for 
each Word or utterance that the system is designed to operate 
upon. In a typical large vocabulary speech recognition 
application, the Gaussian mixture table might contain 100, 
000 different values, expressed as ?oating points numbers 
and organiZed in a predetermined order that is typically 
based on hoW the Words or utterances are stored in the 
system’s dictionary or lexicon. Although the order in Which 
the Gaussian mixture values are stored is knoWn in advance, 
it cannot be assumed that this order Will correspond to the 
order With Which the mixture values Will need to be accessed 
When the recognition application is used. To understand Why 
this is so, consider hoW Words are stored in an alphabetically 
arranged dictionary. Although the Word order is knoWn, the 
Word order of a sentence using a portion of those Words 
Would certainly not be expected to folloW the same alpha 
betical ordering. Rather, the order of Words in the sentence 
Would be dictated by grammatical rules and by the semantic 
requirements of the sentence author. 

[0110] The present invention selects a subset of the Gaus 
sian mixture table, corresponding to the Gaussian mixture 
values actually used in the recognition process, and stores 
that subset in a packed mixture table. In FIG. 9, the entire 
Gaussian mixture table is illustrated at 120 and the packed 
mixture table is illustrated at 130. It is the contents of the 
packed mixture table that Will be loaded into the cache 104 
as a natural consequence of the speech processing algorithm 
being used to operate upon the data in the packed mixture 
table. 

[0111] Speech data is different from other forms of data, 
such as ?nancial data, in that there is a sequential order or 
spoken order to the speech data. This can be illustrated by a 
directed graph, shoWn at 122. The graph shoWs all possible 
sequences by Which one sound unit may folloW another 
sound unit. In this regard, sound units can be individual 
phones, or they can be larger structures, such as syllables, 
Words, etc. To illustrate the concept of the directed graph, 
refer to FIG. 10. In FIG. 10 the sound units correspond to 
individual Words that are linked together to form sentences. 
By traversing generally from left to right, one can construct 
phrases or sentences such as, “The large roof . . . ” or “The 

large truck rounded the bend.” In many speech processing 
applications, such as in a multi-pass recognition application, 
at some stage the processing algorithm Will have knoWledge 
of the temporal order or spoken order of the data being 
processed. As shoWn in FIG. 9, knoWledge of the order (as 
depicted diagrammatically using the Word/phone graph 122) 
Will establish an access order that the processing algorithm 
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of the invention ascertains at step or module 124. For 
example, the temporal sequence may require access to 
Gaussian mixture data values 1 . . . 2 . . . 3 . . . 4. HoWever, 

these values are (a) not likely to exist sequentially in the 
Gaussian mixture table and (b) not likely to be stored in 
contiguous or adjacent memory locations. In FIG. 9, the 
data element 4 occurs as the ?rst entry in the Gaussian 
mixture table (reading from top to bottom) Whereas the data 
element 1 is found in the middle of the table. 

[0112] Rather than utiliZe the selected Gaussian mixture 
values directly from mixture table 120, the packed distribu 
tion and localiZed trellis access technique resorts and packs 
the selected subset of table 120 into the packed mixture table 
130. This is performed using the processing step or module 
128. The selected subset from table 120 is (a) placed in 
sequential order that corresponds to the sequential order or 
spoken order described by graph 122 and (b) packed so that 
the respective sorted values are adjacent or contiguous in 
memory. 

[0113] After performing the resorting and packing opera 
tion, the algorithm passes control to the speech processing 
algorithm that Will utiliZe the data. This is done by passing 
the address of the packed mixture table 130 to the processing 
algorithm, so that it Will operate upon the data stored in the 
packed mixture table, rather than upon the data in the 
Gaussian mixture table 120. In so doing, the microprocessor 
Will load the packed mixture table 130 into its cache 104, 
Where all operations using the cached values Will be per 
formed at much higher speed than Would be possible if main 
memory Were utiliZed. 

[0114] Further expanding on the explanation provided by 
FIG. 9, refer noW to FIG. 11, Which gives a speci?c 
example Where individual Words are modeled by HMM 
Gaussian mixture model parameters and the application is 
operating upon a spoken utterance, such as a spoken phrase 
or sentence. In this example, each Word may be represented 
by a plurality of Gaussian mixture parameters, Which them 
selves folloW a temporal sequence (e.g., the temporal 
sequence of the phonemes that make up the Word). 

[0115] In FIG. 11 an exemplary phrase “This is a . . . ” is 

being processed for recognition. The illustrated spoken 
order is from left to right. The ?rst spoken Word utterance 
“This” contains three states 1, 2 and 3 having Gaussian 
mixture parameters stored in the Gaussian mixture table 120 
at memory locations 500, 10,000, and 1, respectively. Note 
that the order of storage Within table 120 does not corre 
spond to the temporal sequence of the spoken utterance. This 
Will frequently be the case in speech applications. In con 
trast, most other data processing applications, such as ?nan 
cial applications Will frequently be able to access stored data 
in the order in Which it Was stored. 

[0116] The operation of the re-sort and pack step or 
module 128 (FIG. 9) is shoWn by the sorting and storing 
lines 140 in FIG. 11. The Gaussian mixture value stored at 
memory location 500 in table 120 is copied to memory 
location 1 in the packed mixture table 130. Next, the mixture 
values stored at location 10,000 is copied and stored at 
location 2 Within the packed mixture table 130. Finally, the 
value stored at memory location 1 in table 120 is copied to 
memory location 3 in table 130. Thereafter, memory loca 
tion 4 in table 130 Would be populated With the data value 
that corresponds to the ?rst state of the next occurring 



US 2005/0159952 A1 

spoken utterance (the Word “is”). Thus note that the table 
130 contains data that is ordered based on the established 
access order dictated by the spoken order of the input 
utterance, and that the data values are packed in contiguous 
memory locations. 

[0117] For a further understanding of the presently pre 
ferred processing method, refer to FIG. 12. FIG. 12 illus 
trates a method for processing speech data utiliZing high 
speed cache memory having an associated cache mechanism 
for transfer of data from system memory into cache memory. 
The order of the steps illustrated in FIG. 12 may be varied 
from What is shoWn there, Without departing from the spirit 
of the invention as more fully set forth in the appended 
claims. At step 200 a main table of speech parameters is 
provided. These speech parameters are preferably stored in 
the main system memory (main memory 100, FIG. 8). In 
addition, a list is provided at step 202 to establish a pro 
cessing order for at least a portion of the speech parameter 
data stored in the main table. The parameters stored in the 
main table may be speech parameters, such as Gaussian 
mixture parameters associated With corresponding Hidden 
Markov Models, and the list provided at 202 may be in the 
form of a set of sequential data corresponding to a spoken 
utterance, or some other sequence that has a temporal 
structure. 

[0118] At step 204, data items are selected from the main 
table based on the list order and these are copied into a 
sub-table. As illustrated by constraining steps 206 and 208, 
the sub-table is processed so that entries are stored in 
contiguous memory locations. In the presently preferred 
embodiment, the sub-table may be implemented in main 
system memory. In addition, the sub-table is processed so 
that entries are sorted according to the processing order 
established by the list in step 202. It Will be appreciated that 
constraining steps 206 and 208 can be processed in either 
order, or concurrently. In the presently preferred embodi 
ment the sub-table is constructed by sequentially adding 
entries to the sub-table in successively contiguous memory 
locations, With the order of the entries being established by 
selecting them from the main table in the order established 
by the list. Of course, alternate embodiments can be envi 
sioned Where the sub-table is initially constructed in a 
non-contiguous fashion and then later compacted, or Where 
the sub-table is initially constructed With one sort order and 
thereafter re-sorted according to the list. 

[0119] After copying the entries to the sub-table in step 
204, the applicable speech processing algorithm is then used 
to operate upon the sub-table at step 210. By operating upon 
the sub-table, the sub-table is transferred into high speed 
cache memory by utiliZing the cache mechanism associated 
With the cache memory. In this regard, most modern day 
microprocessors Will automatically transfer a given block of 
information into high speed cache memory, so that that 
block of data can be processed more rapidly. Of course, the 
transfer into high speed cache memory can also be effected 
by an explicit processor command, if desired. 

[0120] The packed distribution and localiZed trellis access 
method illustrated in FIGS. 8-11 and described above can be 
advantageously used in a variety of different speech pro 
cessing applications. Examples of such applications include: 

[0121] local distance computation and trellis expan 
sion for algorithms of the Viterbi and Baum-Welch 
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type. These computations are central to many large 
vocabulary continuous speech recognition training 
and recognition applications; 

[0122] Viterbi beam search algorithms for real-time 
recognition; 

[0123] constrained search on Word/phone graphs or 
focused language models; 

[0124] re-scoring of Word lattices for acoustic model 
adaptation; 

[0125] maximum mutual information estimation 
(MMIE) acoustic model training; 

[0126] expectation maximiZation-based maximum 
likelihood acoustic model training; 

[0127] 
[0128] In applications such as those listed above, the 
packed distribution and localiZed trellis access method pro 
vides a speed improvement of at least one order of magni 
tude over conventional methods. The exact speed improve 
ment factor depends, in part, upon the speed bene?t that the 
high speed cache memory produces over system memory. 
Thus, processors having faster high-speed cache perfor 
mance Will shoW even greater speed improvement When the 
technique is utiliZed. In this regard, it Will be appreciated 
that the technique exploits the speed bene?t of the high 
speed cache by (a) localiZing the memory access based upon 
the order that the expansion algorithm or other speech 
processing algorithm explores the trellis and (b) sorting the 
memory representation of the Gaussian parameters (or other 
speech parameters) such that the memory is accessed in 
increasing order. 

[0129] In general, the advantages of the technique can be 
enjoyed in applications Where the system has some a priori 
knoWledge of Which speech parameters Will be needed, and 
that those parameters be of suf?ciently small siZe as to ?t in 
the high-speed cache memory. For a typical very large 
vocabulary continuous speech recognition application, these 
conditions are met during training and during passes of 
recognition that occur after a ?rst pass (e.g., adaptation or 
re-scoring passes). These conditions are also met for dialog 
systems Where each state is associated With a particular 
vocabulary, and for text-prompted speaker recognition sys 
tems, Where each prompted text evokes a particular set of 
speech parameters. Finally, the algorithm described here can 
be combined With the other algorithms described earlier in 
this document to further improve memory access by 
decreasing the bandWidth used betWeen the main CPU and 
the system memory. 

multi-pass recognition processes. 

[0130] The foregoing discloses and describes merely 
exemplary embodiments of the present invention. One 
skilled in the art Will readily recogniZe from such discussion, 
and from accompanying draWings and claims, that various 
changes, modi?cations, and variations can be made therein 
Without departing from the spirit and scope of the present 
invention. 

1. A method for improving pattern matching in a speech 
recognition system having a plurality of acoustic models, 
comprising: 








