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Abstract

We present a novel family of language model (LM) estimaterhnhiques
named Sparse Non-negative Matrix (SNM) estimation.

A first set of experiments empirically evaluating it on theeOmillion
Word Benchmark/[Chelba et al., 2013] shows that SNMram LMs per-
form almost as well as the well-established Kneser-Ney (Kigilels. When
using skip-gram features the models are able to match tteeatdahe-art re-
current neural network (RNN) LMs; combining the two modgltachniques
yields the best known result on the benchmark.

The computational advantages of SNM over both maximum pytand
RNN LM estimation are probably its main strength, promisamgapproach
that has the same flexibility in combining arbitrary featuedfectively and
yet should scale to very large amounts of data as gracefsibygram LMs
do.
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1 Introduction

A statistical language model estimates the prior proltghiéiluesP (W) for strings
of wordsW in a vocabularyy whose size is in the tens, hundreds of thousands and
sometimes even millions. Typically the strifig is broken into sentences, or other
segments such as utterances in automatic speech recogmitiich are assumed
to be conditionally independent; we will assume thtis such a segment, or
sentence.

Estimating full sentence language models is computatiphalrd if one seeks
a properly normalized probability modedver strings of words of finite length in

1We note that in some practical systems the constraint ory@sproperly normalized language
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V*. A simple and sufficient way to ensure proper normalizatibthe model is to
decompose the sentence probability according to the chlirand make sure that
the end-of-sentence symbel s> is predicted with non-zero probability in any

context. WithiW = wy, wo, . .., w, we get:
n
P(W):HP(wi|w1,w2,...,wi_1) (1)
i=1
Since the parameter space Bfwy|wy,wo, ..., wr_1) IS too large, the lan-
guage model is forced to put tlentextiW,_; = wy, wo, . .., wi_1 INt0 anequiv-

alence classletermined by a functiof® (171 ). As a result,
PW) = [ Plwk|®(Wi-1) &y
k=1

The word strings encountered in a practical applicatioroffimite length. The
probability distributionP(17) should assign probability.0 to strings of words of
infinite length, and thus sum up 0 over the set of strings of finite length—
the support ofP(1W). From a modeling point of view in a practical situation,
the text gets broken into sentences, and the language meddsro predict the
distinguished end-of-sentence symkdls>. It can be easily shown that if the
language model is smooth, i.&(wg|®(Wi_1)) > € > 0, Vwy, Wy_1, then we
also haveP(</ s>|®(Wj_1)) > € > 0,VWj_; which in turn ensures that the
model assigns probabiliti.0 to the set strings of words of finite length.

Research in language modeling consists of finding apprepegguivalence
classifiersb and methods to estimaf&(wy|®(Wj_1)). The most successful paradigm
in language modeling uses the — 1)-gramequivalence classification, that is, de-
fines

P(Wh_1) = Wr—nt1, Wk—nt2, - - - W1

Once the formb (W}, _4) is specified, only the problem of estimatiffwy, |®(Wj_1))
from training data remains.

Perplexity as a Measure of Language Model Quality

A statistical language modalan be evaluated by how well it predicts a string of
symbolsWW;—commonly referred to atest data—generated by the source to be
modeled.

model is side-stepped at a gain in modeling power and siityplic



A commonly used quality measure for a given modélis related to the en-
tropy of the underlying source and was introduced under #raenofperplexity
(PPL) [Jelinek, 1997]:

N
PPL(M) = eacp(—% S In [Pa (g Wi_1))) @)
k=1

To give intuitive meaning to perplexity, it represents themter of guesses the
model needs to make in order to ascertain the identity of #he word, when
running over the test word string from left to right. It can éasily shown that
the perplexity of a language model that uses the uniform gioibiby distribution
over words in the vocabulary equals the size of the vocabulary; a good language
model should of course have lower perplexity, and thus tlwabolary size is an
upper bound on the perplexity of any sensible language model

Very likely, not all words in the test striny/; are part of the language model
vocabulary. It is common practice to map all words that arteofwocabulary to a
distinguishedunknown wordsymbol, and report the out-of-vocabulary (OOV) rate
on test data—the rate at which one encounters OOV words itethetringi,—
as yet another language model performance metric besidelexg. Usually the
unknown word is assumed to be part of the language model utargb-open vo-
cabularylanguage models—and its occurrences are counted in thedgagnodel
perplexity calculation, EqL{3). A situation less commopiactice is that oflosed
vocabularylanguage models where all words in the test data will alwaypsdrt of
the vocabulary .

2 Skip-gram Language Modeling

Recently, neural network (NN) smoothing [Bengio et al., ZD{Emami, 2006],[Schwenk, 2007],
and in particular recurrent neural networks [Mikolov, 2D{RNN) have shown
excellent performance in language modeling [Chelba eP@l3]. Their excellent
performance is attributed to a combination of leveragimgidistance context, and
training a vector representation for words.
Another simple way of leveraging long distance context iss®e skip-grams. In
our approach, a skip-gram feature extracted from the cofitgx ; is characterized
by the tuple(r, s, a) where:

e r denotes number of remote context words
e s denotes the number of skipped words

e ¢ denotes the number of adjacent context words
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relative to the target wordv; being predicted. For example, in the sentence,
<S> The qui ck brown fox junps over the | azy dog </ S>
a(1,2,3) skip-gram feature for the target wodag is:
[ brown skip-2 over the |azy]

For performance reasons, it is recommended to kraitd to limit either(r+a)
or limit both r and s; not setting any limits will result in events containing d se
of skip-gram features whose total representation sizeirgiqun the length of the
sentence.

We configure the skip-gram feature extractor to producecaliires, defined
by the equivalence clads(WWj._;), that meet constraints on the minimum and max-
imum values for:

the number of context words used- a;

the number of remote words

the number of adjacent words

the skip lengths.

We also allow the option of not including the exact valuesoh the feature
representation; this may help with smoothing by sharinghtodor various skip
features. Tied skip-gram features will look like:

[curiousity skip-+ the cat]

In order to build a good probability estimate for the targetrdvw; in a con-
text W;_, we need a way of combining an arbitrary number of skip-grastuies
f_1, which do not fall into a simple hierarchy like regulargram features. The
following section describes a simple, yet novel approactcéanbining such pre-
dictors in a way that is computationally easy, scales upajudly to large amounts
of data and as it turns out is also very effective from a maodgtioint of view.

3 Sparse Non-negative Matrix Modeling

3.1 Model definition

In the Sparse Non-negative Matrix (SNM) paradigm, we regmeshe training
data as a sequence of evehis= ey, e, ... Where each event € E consists of a
sparse non-negative feature vedi@nd a sparse non-negative target word vettor
Both vectors are binary-valued, indicating the presencabsence of a feature or
target words, respectively. Hence, the training data stssf|E|| Pos(f)| positive
and|E||Pos(f)|(|V| — 1) negative training examples, whef®s(f) denotes the
number of positive elements in the vecfor
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A language model is represented by a non-negative mifrithat, when ap-
plied to a given feature vectdr produces a dense prediction vecgor

y=Mf~t (4)

Upon evaluation, we normalize such that we end up with a conditional probabil-
ity distribution Py (t|f) for a modelM. For each wordv € V that corresponds
to index j in t, and its feature vectof that is defined by the equivalence class
® applied to the historyh(w) of that word in a text, the conditional probability
Py (w|®(h(w))) then becomes:

Yj . ziEPos(f) M;;

VI N VI
Zu:l Yu ZiEPos(f) ZUZI M,
For convenience, we will writé’(¢;|f) instead ofP\ (¢;|f) in the rest of the paper.

As required by the denominator in EqJ (5), this computatiowvoives sum-
ming over all of the present features for the entire vocakulddowever, if we
precompute the row sun”ELV:'l M;,, and store them together with the model, the
evaluation can be done very efficiently in onos(f)| time. Moreover, only the
positive entries inV/; need to be considered, making the range of the sum sparse.

Pyi(w|®(h(w))) = Pr(ts|f) = (®)

3.2 Adjustment function and metafeatures

We let the entries oM be a slightly modified version of the relative frequencies:
M;j = eA(m)g_Z (6)
whereC is a feature-target count matrix, computed over the emntaieihg corpus
andA(i, j) is areal-valued function, dubbedljustment functianFor each feature-
target pair(fi,t;), the adjustment function extracts new featuresay, called
metafeatureswhich are hashed as keys to store corresponding weights:h (o))
in a huge hash table. To limit memory usage, we use a flat hath daad allow
collisions, although this has the potentially undesiradffiect of tying together
the weights of different metafeatures. Computing the adjasat function for any
(fi,t;) then amounts to summing the weights that correspond to itafesures:

A(i,j) = Y O(hashla (i, j)]) (7)
k
From the given input features, such as regulgrams and skip-grams, we con-
struct our metafeatures as conjunctions of any or all of ttlewing elementary
metafeatures:



feature identity, e.gl. br own ski p-2 over the |azy]

feature type, e.g(1, 2, 3) skip-grams

feature count’;,,

target identity, e.gdog
o feature-target courd;;

where we reused the example from Secfibn 2. Note that theisglynabsent
feature-target identity is represented by the conjunctbrihe feature identity
and the target identity. Since the metafeatures may inviblgefeature count and
feature-target count, in the rest of the paper we will waiigs, j, C;., C;;). This
will become important later when we discuss leave-one-aining.

Each elementary metafeature is joined with the others tm fmore complex
metafeatures which in turn are joined with all the other elatary and com-
plex metafeatures, ultimately ending up with 2l — 1 possible combinations of
metafeatures.

Before they are joined, count metafeatures are bucketeddhtegaccording to
their (floored)log, value. As this effectively puts the lowest count values, bick
there are many, into a different bucket, we optionally idtrce a second (ceiled)
bucket to assure smoother transitions. Both buckets areviiegghted according
to thelog, fraction lost by the corresponding rounding operation. eNlbat if we
apply double bucketing to both the feature and featurestargunt, the amount of
metafeatures per input feature becorpés- 1.

We will come back to these metafeatures in Sedtioh 4.4 wherexamine their
individual effect on the model.

3.3 Loss function

Estimating a modeM corresponds to finding optimal weighitsfor all the metafea-
tures for all events in such a way that the average loss ovevetts between the
target vectort and the prediction vectgy is minimized, according to some loss
function L. The most natural choice of loss function is one that is basethe
multinomial distribution. That is, we considérto be multinomially distributed
with [V| possible outcomes. The loss functibg,,;;; then is:

V|
Lmulti(Y> ) = _lo.g( multz(t|f)) lo.g( ‘V‘ = log Zyu log yj

u=1 yu
©)



Another possibility is the loss function based on the Paoististributioff: we
consider each; in ¢ to be Poisson distributed with parameter The conditional
probability of Ppy;sson (t|f) then is:

y‘;j e_yj

PPoisson(t’f) = H .1 (9)

jet J

and the corresponding Poisson loss function is:

LPoisson(ya t) = _log(PPoisson(t|f)) = - Z[tj IOg(yj) —Y; — lo.g(tj!)]

jet

=Y y;— > tjlog(y;) (10)
jet jet

where we dropped the last term, sirtges binary—valueE. Although this choice is
not obvious in the context of language modeling, it is welleslito gradient-based
optimization and, as we will see, the experimental resuttsrafact excellent.

3.4 Model Estimation

The adjustment function is learned by applying stochasticlignt descent on the
loss function. That is, for each feature-target gt ¢;) in each event we need to
update the parameters of the metafeatures by calculatingrédient with respect
to the adjustment function.
For the multinomial loss, this gradient is:
O Lmuars(ME, ) 9(log(So0) (MF),) — log(ME);) D(Myy)

d(A(4, 7)) (M) 0(A;j)
_ [a(zog(zg’:‘l(Mf)u)) _ OllogMB)y), -
O(M;j) O(M;j) '
_ O Mny) oM,
SV (Mf),0(My)  (ME);0(M) "
_ fi _Jivar
- (ZB;Z‘l(Mf)u yj )sz
1 1
= fz‘Mij(m - y—j) (11)

2Although we do not use it at this point, the Poisson loss @rds itself nicely for multiple target
prediction which might be useful in e.g. subword modeling.

%In fact, even in the general case whegecan take any non-negative value, this term will disap-
pear in the gradient, as it is independenidf



The problem with this update rule is that we need to sum oweeettire vocab-
ulary V in the denominator. For most featurgs this is not a big deal a§);,, = 0,
but some features occur with many if not all targets e.g. thptg feature for un-
igrams. Although we might be able to get away with this by seg these sums
and applying them to many/all events in a mini batch, we chiosgork with the
Poisson loss in our first implementation.

If we calculate the gradient of the Poisson loss, we get thewng:

(L poisson(MF, £)) _ (X, (MF), — S, t,log(MF),) 9(Mj)

u=

9(A(i, ) O(M;) 9(A(i,]))

_ O MB),) AT tulog(M).), o
o(M;;) o(M;;) Y

_ t;  O(Mf);

=Ui= (Mf); 3(Mz‘j)] Y

= [fi - (13['?))] ij

— fiMy(1 - ;—jq (12)

If we were to apply this gradient to each (positive and negatiraining exam-
ple, it would be computationally too expensive, because ¢veugh the second
term is zero for all the negative training examples, the fesn needs to be com-
puted for all| E/|| Pos(f)||V| training examples.

However, since the first term does not depend;grwe are able to distribute
the updates for the negative examples over the positivelmnadding in gradients
for a fraction of the events wherg = 1, butt; = 0. In particular, instead of
addlng the terr‘rfiMl-j, we addfl'tjg—i;Mij:

Ci CZ*
’ e=(fit;)€E " e=(fi,t;)€E

which lets us update the gradient only on positive exampl&®g. note that this
update is only strictly correct for batch training, and nmt énline training since
M;; changes after each update. Nonetheless, we found thisidlogyied results as
well as seriously reducing the computational cost. Thenendjradient applied to
each training example then becomes:

a(LPoisson(Mfa t))
9(A(i, )

Cin 1
= fit; My (=2 — — 14




which is non-zero only for positive training examples, hespeeding up compu-
tation by a factor ofV|.

These aggregated gradients however do not allow us to usiéoadtidata to
train the adjustment function, since they tie the updatepmdation to the relative
frequenciesg—l;i. Instead, we have to resort to leave-one-out training tegmie
the model from overfitting the training data. We do this byleding the event,
generating the gradients, from the counts used to compage tiradients. So, for
each positive examplef;, t;) of each event = (f, t), we compute the gradient,
excluding f; from C;, and f;t; from C;;. For the gradients of the negative exam-
ples on the other hand we only exclugefrom C;, and we leave”;; untouched,
since here we did not observe. In order to keep the aggregate computation of
the gradients for the negative examples, we distribute theifiormly over all the
positive examples with the same feature; each of(hepositive examples will

then compute the gradient gf% negative examples.

To summarize, when we do leave-one-out training we applydit@ving gra-
dient update rule on all positive training examples:

a(LPoisson(Mfa t)) ) Ci* B Cij Cij eZk G(h(lsh[ak(i,j,Ci*—17Cij)])

a(AG, 7)) VT 0y Cu—1

/ p—
e, G 1 L s ohashiontis 105 -1 (15)
’ Cz* -1 y;
whereyg. is the product of leaving one out for all the relevant feeﬂu’re.y; =
(M/f)j andM;j — €Zk G(hash[ak(i,j,Ci*—l,Cij—l)})gz‘j—l.

ix

4 Experiments

4.1 Corpus: One Billion Benchmark

Our experimental setup used the One Billion Word Benchmarkuﬁ] made avail-
able by [Chelba et al., 2013].

For completeness, here is a short description of the cogmrgaining only
monolingual English data:

e Total number of training tokens is about 0.8 billion

e The vocabulary provided consists of 793471 words inclugergence bound-
ary markers<S>, <\ S>, and was constructed by discarding all words with
count below 3

4http://www.statmt.org/lm-benchmark



Model 5 6 7 8

KN 67.6| 64.3| 63.2| 62.9
Katz 79.9| 80.5| 82.2| 83.5
SNM 70.8| 67.0| 65.4| 64.8

KN+SNM | 66.5| 63.0| 61.7| 61.4

Table 1: Perplexity results for Kneser-Ney, Katz and SNMyah as for the linear
interpolation of Kneser-Ney and SNM. Optimal interpolatimeights are always
around0.6 — 0.7 (KN) and0.3 — 0.4 (SNM).

¢ Words outside of the vocabulary were mappedtiNK> token, also part of
the vocabulary

e Sentence order was randomized

e The test data consisted of 159658 words (without countiegséntence be-
ginning markexS> which is never predicted by the language model)

e The out-of-vocabulary (OoV) rate on the test set was 0.28%.

4.2 SNM for n-gram LMs

When trained using solely n-gram features, SNM comes vargecto the state-
of-the-art Kneser-Ney [Kneser and Ney, 1995] (KN) modelabl&1 shows that
Katz [Katz, 1995] performs considerably worse than both Said KN which
only differ by about 5%. When we interpolate these two motleéarly, the added
gain is only about 1%, suggesting that they are approximatedeling the same
things. The difference between KN and SNM becomes smallenwie increase
the size of the context, going from 5% for 5-grams to 3% forr&ags, which
indicates that SNM is better suited to a large number of featu

4.3 Sparse Non-negative Modeling for Skip.-grams

When we incorporate skip-gram features, we can either lauifglire’ skip-gram
SNM that contains no regulargram features, except for unigrams, and interpolate
this model with KN, or we can build a single SNM that has botéa tagularn-
gram features and the skip-gram features. We compared theproaches by
choosing skip-gram features that can be considered theeskiwalent of 5-grams
i.e. they contain at most 4 words. In particular, we used-gkgm features where
the remote span is limited to at most 3 words for skips of lerggtween 1 and 3

(r =[1..3], s = [1..3], r + a = [1..4]) and where all skips longer than 4 are tied
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Model Num. Params PPL
SNM5-skip (no n-grams) 61B 69.8
SNM5-skip 62 B 54.2
KN5+SNM5-skip (no n-grams 56.5
KN5+SNM5-skip 53.6

Table 2: Number of parameters (in billions) and perplex@gults for SNM5-skip
models with and without n-grams, as well as perplexity tsdof the interpolation
with KN5.

and limited by a remote span length of at most 2 words=([1..2], s = [4..%],

r + a = [1..4]). We then built a model that uses both these features andaregu
5-grams (SNM5-skip), as well as one that only uses the stamdeatures (SNM5-
skip (no n-grams)).

As it turns out and as can be seen from Tdble 2, it is better dorjorate
all the features into one single SNM model than to intergolaith a KN 5-gram
model (KN5). Interpolating the all-in-one SNM5-skip with\K yields almost no
additional gain.

The best SNM results so far (SNM10-skip) were achieved u&wgrams,
together with untied skip features of at most 5 words withip skexactly 1 word
(s =1, r +a = [1..5]) as well as tied skip features of at most 4 words where
only 1 word is remote, but up to 10 words can be skipped=(1, s = [1..10],
r+a=[1.4]).

This mixture of rich short-distance and shallow long-dista features enables
the model to achieve state-of-the-art results, as can he ise€able[3. When
we compare the perplexity of this model with the state-ef-Hrt RNN results
in [Chelba et al., 2013], the difference is only 3%. Moregwadthough our model
has more parameters than the RNN (33 vs 20 billion), traitakegs about a tenth
of the time (24 hours vs 240 hours). Interestingly, when werpolate the two
models, we have an additional gain of 20%, and as far as we,khevperplexity
of 41.3 is already the best ever reported on this databaa@nfehe previous best
by 6% [Chelba et al., 2013].

Finally, when we optimize interpolation weights over allaets in [Chelba et al., 2013],
including SNM5-skip and SNM10-skip, the contribution oktbther models as
well as the perplexity reduction is negligible, as can bensedable 3, which also
summarizes the perplexity results for each of the individoadels.
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Model Num. Paramg PPL | interpolation weights
KN5 1.76 B 67.6 0.06| 0.00
HSME 6B 101.3 0.00| 0.00
SBO 1.13B 87.9 0.20| 0.04
SNM5-skip 62 B 54.2 0.10
SNM10-skip 33B 529 | 04 0.27
RNN256 20B 58.2 0.00| 0.00
RNN512 20B 54.6 0.13| 0.07
RNN1024 20B 51.3 | 0.6 | 0.61| 0.53
SNM10-skip+RNN1024| 41.3

Previous best 43.8

ALL 41.0

Table 3: Number of parameters (in billions) and perplexéguits for each of the
models in[[Chelba et al., 20113], and SNM5-skip and SNM1@s&s well as inter-
polation results and weights.

4.4 Ablation Experiments

To find out how much, if anything at all, each metafeature Goutes to the ad-
justment function, we ran a series of ablation experimantghich we ablated one
metafeature at atime. When we experimented on SNM5, we fausdirprisingly,
that the most important metafeature is the feature-targentc At first glance, it
does not seem to matter much whether the counts are storeokrid huckets, but
the second bucket really starts to pay off for models withrgdaaumber of single-
ton features e.g. SNMlO-spThis is not the case for the feature counts, where
having a single bucket is always better, although in gertemfeature counts do
not contribute much. In any case, feature counts are ddfirtite least important
for the model. The remaining metafeatures all contributeenoo less equally, all
of which can be seen in Tall¢ 4.

5 Related Work

SNM estimation is closely related to algram LM smoothing techniques that rely
on mixing relative frequencies at various orders. Unlikestrof those, it combines
the predictors at various orders without relying on a hehaal nesting of the con-
texts, setting it closer to the family of maximum entropy (MRosenfeld, 1994],

SIdeally we want to have the SNM10-skip ablation results al, et this takes up a lot of time,
during which other development is hindered.

12



Ablated feature PPL
No ablation 70.8
Feature 71.9
Feature type 71.4
Feature count 70.6
Feature count: second bucke®0.3
Link count 73.2
Link count: second bucket | 70.6

Table 4: Metafeature ablation experiments on SNM5

or exponential models.

We are not the first ones to highlight the effectiveness qf skgrams at cap-
turing dependencies across longer contexts, similar to RNMN; previous such
results were reported in [Singh and Klakow, 2013].

The speed-ups to ME, and RNN LM training provided by hierexalty pre-
dicting words at the output layer [Goodman, 2001b], andanipding [Xu et al., 201/1]
still require updates that are linear in the vocabulary simes the number of words
in the training data, whereas the SNM updates in [Ed. (15h®nuch smaller ad-
justment function eliminate the dependency on the vocapusiae.

The computational advantages of SNM over both Maximum Bpytemd RNN
LM estimation are probably its main strength, promising ppraach that has the
same flexibility in combining arbitrary features effectivand yet should scale to
very large amounts of data as gracefullyragram LMs do.

6 Conclusions and Future Work

We have presented SNM, a new family of LM estimation techedquA first em-
pirical evaluation on the One Billion Word Benchmark [Creekt al., 2013] shows
that SNMn-gram LMs perform almost as well as the well-established Kiddiets.

When using skip-gram features the models are able to magcstalrof-the-art
RNN LMs; combining the two modeling techniques yields thetbeown result
on the benchmark.

Future work items include model pruning, exploring richeatlures similar
to [Goodman, 2001a], as well as richer metafeatures in tlustdent model, mix-
ing SNM models trained on various data sources such thatghgprm best on
a given development set, and estimation techniques thahare flexible in this
respect.
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