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Abstract
To mitigate the problem of having to traverse over the full
vocabulary in the softmax normalization of a neural language
model, sampling-based training criteria are proposed and in-
vestigated in the context of large vocabulary word-based neu-
ral language models. These training criteria typically enjoy the
benefit of faster training and testing, at a cost of slightly de-
graded performance in terms of perplexity and almost no visi-
ble drop in word error rate. While noise contrastive estimation
is one of the most popular choices, recently we show that other
sampling-based criteria can also perform well, as long as an
extra correction step is done, where the intended class poste-
rior probability is recovered from the raw model outputs. In
this work, we propose self-normalized importance sampling.
Compared to our previous work, the criteria considered in this
work are self-normalized and there is no need to further conduct
a correction step. Through self-normalized language model
training as well as lattice rescoring experiments, we show that
our proposed self-normalized importance sampling is compet-
itive in both research-oriented and production-oriented auto-
matic speech recognition tasks.
Index Terms: self-normalization, importance sampling, train-
ing criterion, neural network, language modeling

1. Introduction
Nowadays, word-based neural language models (LMs) consis-
tently give better perplexities than count-based language mod-
els [1, 2], and are commonly used for second-pass rescoring or
first-pass decoding of automatic speech recognition (ASR) out-
puts [3, 4, 5]. One challenge to train such LMs, especially when
the vocabulary size is large, is the traversal over the full vocab-
ulary in the softmax normalization. During both training and
testing, this brings inefficiencies and calls for sampling-based
methods to ease the calculation burdens. Previously, many
sampling-based training criteria are proposed and investigated.
Some prominent examples include: hierarchical softmax [6],
negative sampling [7], importance sampling (IS) [8], and noise
contrastive estimation (NCE) [9].

While NCE is one of the most popular choices for language
modeling [10, 11, 12], recently Gao et al. [13] show that other
sampling-based criteria can also perform well, as long as an ex-
tra correction step is done, where the intended class posterior
probability is recovered from the raw model outputs. The moti-
vation of this work begins from there. We notice that by intro-
ducing simple modifications to the original IS training criteria,
the additional correction step can be omitted and the class pos-
teriors can be directly obtained from the model outputs. In other
words, LMs trained with such criteria are also self-normalized -

straightforwardly, we call this type of training: self-normalized
importance sampling.

Compared to Gao et al. [13], our method is simpler in the
sense that no additional correction is required, and the LMs
are directly trained to give the intended class posteriors. Com-
pared to NCE, which is also a self-normalized criterion, our
method is comparable and competitive, which we further show
through extensive experiments on both research-oriented and
production-oriented ASR tasks.

2. Related Work
Neural network LMs are shown to bring consistent improve-
ments over count-based LMs [14, 1, 2]. These neural LMs are
then used either in second-pass lattice rescoring or first pass
decoding for ASR [3, 4, 5, 15, 16]. To mitigate the problem
of having to traverse over the full vocabulary in the softmax
normalization, various sampling-based training criteria are pro-
posed and investigated [6, 7, 8, 9, 10, 11, 12]. These meth-
ods mainly deal with how to build up a contrastive loss such
that the model is able to tell true target words from noisy ones.
Related but originated from a different motivation, that is, to
explicitly encourage normalization during training and hope for
self-normalization during testing, variance regularization is also
discussed in literature [17]. Recently, in [13], the authors iden-
tify the relationships between model optimums under various
sampling-based training criteria and the contextual posterior
probabilities. They show that with one additional correction
step, the intended posteriors can be recovered. This work can
be thought of as a follow-up and extention of [13], where we
propose several simple modifications to the IS training criterion
to directly enable self-normalized models, without having to do
the additional correction step.

3. Methodology
In this section, we first describe several training criteria, includ-
ing Binary Cross Entropy (BCE), NCE and IS. Then, we pin-
point the reason why IS is not self-normalized by default. Af-
terwards, we move on to discuss three modes of modifications
to enable self-normalization of IS. In the following discussions,
we define c as the running index in the target vocabulary size C,
x as the history for next word prediction and n as the running
index of word position N .

3.1. Binary Cross Entropy (BCE)

BCE is a traditional training criterion, which only requires the
model outputs qθ(x, c) to be bounded in (0, 1), and not neces-
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sarily a normalized distribution.

FBCE =
1

N

N∑

n=1

{log qθ(xn, cn) +
∑

c̸=cn

log(1− qθ(xn, c))}

(1)
Given enough amount of training pairs (xn, cn), it can be
shown that the optimum q̂θ(x, c) when maximizing FBCE is the
empirical posterior distribution p(c|x), which indicates that the
model outputs are self-normalized.

3.2. Fundamentals of Sampling-Based Training Criteria

In sampling-based training criteria, for each training pair
(xn, cn), given the number of samples K and the noisy dis-
tribution D for sampling, the summation of some function
f(xn, c̃k,E(CK(c))) over K random samples c̃k, can approx-
imate the summation of f over all the classes. The expected
count E(CK(c)) is the expectation of the number of the appear-
ance of class c in all samples. For instance, if we do sampling
with replacement, the expected count would be KD(c). The
term E(CK(c)) in function f is usually used to control the vari-
ance, i.e. with the increase of K, the variance goes down and
the approximation is more precise. In the following discussions,
to simplify the notation, we define

E(CK(c)) ≡ Ec (2)

Omitting the summation over n for simplicity, the approxima-
tion of the sampling method is:

K∑

k=1

f(xn, c̃k,Ec̃k ) ≈
C∑

c=1

Ec · f(xn, c, Ec) (3)

3.3. Noise Contrastive Estimation (NCE)

NCE is a popular BCE-style criterion, with the function f in the
following form:

f(xn, c̃k, Ec̃k ) = log(1− qθ(xn, c̃k)

qθ(xn, c̃k) + Ec̃k

) (4)

More specifically, the NCE criterion can be written as:

FNCE =
1

N

N∑

n=1

{log qθ(xn, cn)

qθ(xn, cn) + Ecn

+
K∑

k=1

log(1− qθ(xn, c̃k)

qθ(xn, c̃k) + Ec̃k

)}
(5)

Here the first term in the summation over n corresponds to
the target class cn and the second term corresponds to the ap-
proximation shown in Equation (3). With enough amount of
training data and samples K, the optimum of model output is
q̂θ(x, c) ≈ p(c|x).

3.4. Importance Sampling (IS)

IS is another sampling-based BCE-style criterion.

FIS =
1

N

N∑

n=1

{log qθ(xn, cn) +
K∑

k=1

log(1− qθ(xn, c̃k))

Ec̃k

}

(6)
Here, with enough amount of training data and samples K, the
model optimum is not normalized.

q̂θ(x, c) ≈ p(c|x)
1 + p(c|x) (7)

Nonetheless, as described in [13], q̂θ(x, c) can be transformed
to p(c|x) with an additional correction step.

In IS, the function f has a simpler form, which is the second
log term in BCE criterion devided by the expected count.

f(xn, c̃k, Ec̃k ) =
log(1− qθ(xn, c̃k))

Ec̃k

(8)

According to Equation (3), the summation over samples is actu-
ally an approximation of the summation of the second log term
in BCE over all classes,

K∑

k=1

f(xn, c̃k, Ec̃k ) ≈
C∑

c=1

log(1− qθ(xn, c)) (9)

which makes IS very similar to the original BCE criterion, ex-
cept that the sum is over all classes rather than excluding the
target class (notice the summation over c in Equation (9) and
(1)). Thus, our motivation is to modify the original IS criterion
to have an approximation of the original BCE criterion, in order
to directly obtain p(c|x) as the optimum output, hence achiev-
ing self-normalized models.

3.5. Self-Normalized Importance Sampling

3.5.1. Sampling including the Target Class

When the target class is allowed to be sampled, from the dis-
cussion above, the model is not self-normalized. Therefore, an
intuitive way to exclude the target class from the summation is
to simply substract the target term log(1− qθ(xn, cn)).

FMode1 =
1

N

N∑

n=1

{log qθ(xn, cn) +
K∑

k=1

log(1− qθ(xn, c̃k))

Ec̃k

− log(1− q(xn, cn))}
≈ FBCE

(10)
With this simple modification, the sampling-based criterion is
exactly an approximation of BCE criterion and the model op-
timum is now at p(c|x). However, if the target class is not
sampled, the additional − log(1 − q(xn, cn)) term can result
in a large gradient. When target class cn does not appear in c̃k,
we can consider the gradient with respect to log q(xn, cn) of a
single sentence n.

∂FMode1,n

∂ log q(xn, cn)
= 1 +

q(xn, cn)

1− q(xn, cn)
(11)

Suppose that p(cn|xn) is a large number (close to one) and
qθ(xn, cn) is close to its optimum p(cn|xn), the gradient is
large and makes it hard to converge. In the following exper-
imental results, we show that when K is small, which means
there is less chance to sample the target class out, this can lead
to a bad performance.

3.5.2. Sampling excluding the Target Class

Another way to obtain the self-normalized output is to find some
proper distribution or function f to directly approximate the
summation without target class cn.

∑

k

f(xn, c̃k, Ec̃k ) ≈
∑

c ̸=cn

log(1− qθ(xn, c)) (12)

Considering equation (3), we propose two approaches: let-
ting the expected count of cn be zero, i.e. Ecn = 0, or having a
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function fcn that is specific for each target class and letting the
value of the function be zero when the summation index c is cn,
i.e. fcn(xn, cn, Ecn) = 0.

For the first approach (Mode2), Ecn = 0 is equivalent to
D(cn) = 0, i.e. the probability to sample the target class being
zero. To this end, we utilize different distributions Dcn(c) with
Dcn(cn) = 0 for different target classes during training. Com-
pared to IS, Mode2 has the same formula, but different noise
distributions for sampling.

FMode2 =
1

N

N∑

n=1

{log q(xn, cn) +
K∑

k=1

log(1− q(xn, c̃k))

Ec̃k

}

(13)
Because in this way it is not possible to sample the target class
cn, there is no devision-by-zero problem in the criterion.

For the second approach, we simply set fcn to zero when
the target class gets sampled out.

FMode3 =
1

N

N∑

n=1

{log q(xn, cn) +
K∑

k=1

fcn(xn, c̃k, Ec̃k )}

(14)
where

fcn(xn, c̃k, Ec̃k ) =

{
0 if c̃k = cn

log(1−q(x,c̃k))
Ec̃k

else (15)

Compared to Mode2, Mode3 is more efficient since it can use
one distribution for all training pairs (xn, cn). For Mode2, on
the other hand, it is necessary to use different distributions for
different target classes. For Mode3, it is safer to do sampling
without replacement, since if replacement is allowed, in ex-
treme cases there can be many samples where f evaluates to
zero, which adds no contribution to the summation and thus can
influence the precision of the approximation.

4. Experimental Results
4.1. Experimental Setup

We conduct experiments on public datasets including Switch-
board and Librispeech. Additionally, we experiment with one
in-house dataset: 8kHz US English (EN). The detailed statis-
tics of these three datasets can be found in Table 1. For EN,
7473M in Table 1 is the total amount of running words used for
baseline count-based LM training, while roughly 694M running
words are used for neural network training.

We follow the setup in [13] in terms of model architec-
tures. For Switchboard and EN, we use LSTM LMs with 2
layers, 2048 hidden dimension and 128 embedding dimension.
For Librispeech, we use Transformer [18] LMs, with 42 lay-
ers, 2048 feed-forward hidden dimension, 512 key/query/value
dimension, 8 attention heads, and 512 input embedding dimen-
sion, following the architecture in [2]. The acoustic models are
hybrid hidden Markov models, with 7 bidirectional LSTM lay-
ers and 500 dimension. We refer the reader to [19] and [20] for
more details.

We evaluate our models with perplexities (PPLs) and
second-pass rescoring word error rates (WERs). For Switch-
board and EN, the lattices for rescoring are generated with 4-
gram Kneser-Ney LMs [19]. For librispeech, the lattice is gen-
erated with a LSTM LM [4]. All the model outputs are nor-
malized properly when computing PPLs in order to have a fair
comparison. In rescoring, the outputs of models trained with

Table 1: Data statistics of the three datasets.

corpus vocabulary size running words
Switchboard 30k 24M
Librispeech 200k 812M
EN 250k 7473M

normalized or self-normalized criteria are used as is and no ad-
ditional renormalization is done. For Importance Sampling, as
the output cannot directly be used as scores, we obtain scores by
a proper mapping of outputs [13]. We report rescoring results
on clean and other test sets for Librispeech and on Switchboard
(SWB) and CallHome (CH) Hub5’00 test sets for Switchboard.
For EN, we use an in-house test set.

For sampling-based criteria, we use log-uniform distribu-
tions as noise distributions, following [13]. If not mentioned
otherwise, the number of samples K is 8000. We do sampling
with replacement, except Mode3. During training, each batch
shares the same sampled classes for efficiency [21, 22], except
Mode2. For Mode2, to build up the desired distribution for each
training pair (xn, cn), we use C − 1 as the number of labels in
log-uniform, and map the sampled indices c̃′k to c̃k.

c̃k =

{
c̃′k if c̃′k < cn

c̃′k + 1 else (16)

The average training time per batch is evaluated on
NVIDIA GeForce GTX 1080 Ti GPUs, with a batch size of
32 for Switchboard, 64 for LibriSpeech and EN.

4.2. Main Results

We first compare three modes of self-normalized IS on Switch-
board, employing NCE as the baseline. As shown in Table 2, for
Mode1, when K = 100, the performance is much worse than
other methods. When K = 8000, on the other hand, the perfor-
mance is on par with others, which verifies our statement about
the big gradient problem in Section 3.5.1. For both K = 100
and K = 8000 in Mode2 and Mode3, the performance is com-
parable with NCE. Considering that Mode3 is more efficient
than Mode2 in terms of the noise distribution, we choose Mode3
to be our main method. For both Mode2 and Mode3, we con-
tribute the relatively small difference in PPLs to the small vo-
cabulary size.

Table 2: PPLs of NCE and Mode{1,2,3} on Switchboard.

criterion K PPL

NCE 100 54.4
8000 52.7

Mode1 100 87.2
8000 53.0

Mode2 100 53.9
8000 53.5

Mode3 100 54.0
8000 53.0

We further investigate the influence of the number of sam-
ples K on Switchboard in Mode3. Figure 1 shows that when
K is relatively small, the increase of K almost does not influ-
ence the training speed, as the computation effort for the sum
over K is too small to influence the whole training procedure.
When K is large enough, increasing K exponentially will slow
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down the training speed dramatically. On the other hand, when
K is relatively small, the increase of K brings huge improve-
ments in PPL. Because when K is small, the sampling without
replacement is similar to the sampling with replacement case,
where the variance is proportional to 1/K and thus goes down
fast with the increase of K, leading to a better approximation
of the summation and fast decrease of PPL. When K is large
enough, the approximation is already good, so with the increase
of K, the PPL only goes down slowly, and gradually converges.
One can find the best trade-off between training speed and PPL
according to the specific task. Surely, the trade-off also depends
on the model architecture and the vocabulary size, and thus we
do not do further experiments to investigate this relationship on
other datasets.

Figure 1: The influence of number of samples K.

Table 3 shows the comparison of different criteria on
Switchboard. In this task, LSTM LMs are interpolated with
count-based LM for evaluation. In terms of PPLs, the CE base-
line is slightly better than others, because the model outputs are
well-normalized during training, which is more consistent with
the evaluation on PPL. All other methods have similar perfor-
mance. In terms of WER, CE baseline is slightly better, but
the advantage is not large enough to draw the conclusion that
CE outperforms sampling-based methods. In terms of training
speed, sampling-based methods are faster than the traditional
methods, since for sampling-based methods, the summation is
over K, which is less than C. However, since the vocabulary
size of Switchboard is not so large, the training speedup is lim-
ited. Compared to the original IS, the output of self-normalized
IS (Mode3) can be used as scores directly in rescoring without
correction, giving comparable training speed and performance.

Table 3: WERs of different criteria on Switchboard.

criterion train time
(s/batch) PPL WER

All SWB CH
CE 0.100 49.9 10.1 6.8 13.4

BCE 0.107 52.3 10.3 6.9 13.7
IS 0.079 51.5 10.3 7.0 13.7

NCE 0.079 51.4 10.2 6.9 13.6
Mode3 0.090 51.7 10.2 6.9 13.6

Table 4 exhibits similar results on Librispeech. Since the
vocabulary size is much larger than Swichboard, the training
speedup gained from sampling is more significant, while the
performance are still similar to traditional methods. With dif-
ferent model architectures and larger vocabulary sizes, we show
that Mode3 is still competitive compared to NCE.

Experimental results on EN are presented in Table 5. Here,
the baseline LM used for first-pass decoding is count-based.

Table 4: WERs of different criteria on Librispeech.

criterion train time
(s/batch) PPL WER

clean other
CE 0.302 57.7 2.5 5.4

BCE 0.358 58.5 2.5 5.4
IS 0.206 58.4 2.6 5.5

NCE 0.206 57.9 2.5 5.4
Mode3 0.216 58.3 2.5 5.4

Table 5: WERs of different criteria on EN.

corpus criterion K train speed
(s/batch) PPL WER

EN

baseline - - 82.3 13.7

NCE 100 0.092 65.9 13.3
8000 0.098 55.9 13.1

Mode3 100 0.089 68.0 13.3
8000 0.114 55.8 13.1

With LSTM LM rescoring, we observe a great improvement in
WER, which is consistent with the common knowledge about
neural network LMs outperforming count-based LMs for ASR.

Besides, we observe that Mode3 has similar performance
to NCE for both K = 100 and K = 8000 on the production-
oriented ASR dataset, validating our claim that the proposed
self-normalized IS training criterion is a competitive sampling-
based training criterion for neural LMs.

5. Conclusion

We propose self-normalized importance sampling for training
neural language models. Previously, noise contrastive estima-
tion is a popular choice for sampling-based training criterion.
In our recent work, we show that other sampling-based train-
ing criteria, including importance sampling, can perform on par
with noise contrastive estimation. However, one caveat in that
work is an additional correction step to recover the posterior dis-
tribution. In this work, we completely negate the need for this
step by modifying the importance sampling criterion to be self-
normalized. Through extensive experiments on both research-
oriented and production-oriented datasets, we obtain competi-
tive perplexities as well as word error rates with our improved
method.
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to recurrent lstm neural networks for language modeling,”
IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 23, no. 3, pp. 517–529, Mar. 2015. [Online].
Available: http://dx.doi.org/10.1109/TASLP.2015.2400218

[15] S. Kumar, M. Nirschl, D. Holtmann-Rice, H. Liao, A. T. Suresh,
and F. Yu, “Lattice rescoring strategies for long short term mem-
ory language models in speech recognition,” in 2017 IEEE Auto-
matic Speech Recognition and Understanding Workshop (ASRU).
IEEE, 2017, pp. 165–172.

[16] K. Li, D. Povey, and S. Khudanpur, “A parallelizable lattice
rescoring strategy with neural language models,” in ICASSP 2021-
2021 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). IEEE, 2021, pp. 6518–6522.

[17] X. Chen, X. Liu, Y. Wang, M. J. F. Gales, and P. C. Woodland,
“Efficient training and evaluation of recurrent neural network
language models for automatic speech recognition,” IEEE/ACM
Transactions on Audio, Speech, and Language Processing,
vol. 24, no. 11, pp. 2146–2157, 2016.

[18] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N.
Gomez, Ł. Kaiser, and I. Polosukhin, “Attention is all you need,”
in Advances in neural information processing systems, 2017, pp.
5998–6008.
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[20] C. Lüscher, E. Beck, K. Irie, M. Kitza, W. Michel, A. Zeyer,
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