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ABSTRACT

RNN-T has received a lot of attention recently since it
achieves state-of-art WER in automatic speech recognition.
To run the RNN-T model in real-time on resource-limited
edge devices, model compression is often required. However,
typical compression methods are still challenging to apply to
RNN-T. First, it takes a lot of fine-tuning time and comput-
ing resources (e.g., up to several weeks even with multiple
GPUs) due to the large size of training speech dataset and
slow training speed of LSTMs. Second, the ASR training
pipeline and datasets are often proprietary and not publicly
available. Thus it is hard to fine-tune the pre-trained model
after compression.

In this paper, we propose PSVD (Post-training SVD)
which could effectively improve the WER of a SVD com-
pressed RNN-T model without requiring the large train-
ing dataset and costly back-propagation. Based on a small
amount of test data, PSVD could quickly post-train a SVD
compressed RNN-T model by leveraging a light-weight linear
regression. In particular, we observed that multiple iterations
of layer-sequential linear regression is effective in optimizing
the compressed model. Compared to SVD compression with-
out fine-tuning, PSVD could improve WER by up to 8.36% at
a fraction of the compute time. To the best of our knowledge,
our work is the first to leverage post-training compression for
LSTM and RNN-T.

Index Terms— speech recognition, RNN-T, LSTM,
SVD, Post-training model compression.

1. INTRODUCTION

As speech recognition technologies continue to improve,
they are becoming increasingly essential for edge devices
(e.g., Amazon Alexa, Google Assistant, Apple Siri); they
are widely used to remotely interact with applications (e.g.,
music player, alarms) and control smart home devices (e.g.,
bulb, thermostat). With increasing demands on privacy and
low-latency interaction from customers, speech recognition
is recently processed directly on devices rather than in the
cloud.

RNN-Transducer (RNN-T) has emerged as state-of-the-
art neural networks for automatic speech recognition (ASR)
tasks [1][2]. Since typical size of RNN-T is still large (e.g.,

480MB with float32 parameters [1]), it is infeasible to run the
RNN-T model in real-time on resource-limited edge devices.
Some level of model compression is required to deploy the
RNN-T on edge devices.

Singular Value Decomposition (SVD) is a known effec-
tive compression method for LSTM-based neural networks
like RNN-T [3][4]. It factorizes a large weight matrix into
two small weight matrices by truncating low-rank singular
values. Since accuracy is quite degraded after SVD compres-
sion [4][5], full fine-tuning is often used to recover accuracy.
Unfortunately, this is not simple for an RNN-T model for two
reasons. First, RNN-T takes a lot of fine-tuning time and com-
puting resources (e.g., up to several weeks even with multi-
ple GPUs) due to the large size of training speech datasets
(e.g., up to 100K hours [6][7]) and slow training speed of
LSTMs (relatively slower acceleration than CNNs on GPU
[8]). Second, commercial-grade ASR training pipeline and
datasets are often proprietary and not publicly available (e.g.,
ML Perf only provides the pretrained RNN-T model [9]) and
thus fine-tuning compressed models is infeasible in practice.

In this paper, we propose PSVD which post-trains SVD
compressed RNN-T models to improve WER effectively. The
key idea of PSVD is to optimize the weights of a SVD com-
pressed model by minimizing the mean squared error (MSE)
between uncompressed and compressed model outputs per
layer. Then, the compressed model better mimics the origi-
nal uncompressed model and thus recovers the accuracy. This
process can be quickly done through a linear regression with a
small set of test data. However, the recurrent and multi-layer
nature of LSTM-based RNN-T diminishes the effectiveness
of post training. PSVD addresses this challenge by devising
multi-iteration layer-sequential linear regression, which ap-
plies linear regression multiple times from the first to the last
layer in sequence. In this way, PSVD could improve WER
up to 8.36% on Librispeech dataset [10] compared to SVD
compression.

Our key contributions are summarized as follows.

* We propose PSVD which can post-train SVD com-
pressed RNN-T model without training data and back
propagation.

* Considering the recurrent and multi-layer characteris-
tic of LSTM-based RNN-T, we develop multi-iteration
layer-sequential linear regression method.



* We empirically validated that PSVD effectively im-
proves the WER of SVD compressed RNN-T model
with a small set of test data within a few hours.

* We extensively study diverse aspects of post-training
compression on RNN-T model (e.g., SVD types like
stacked vs. rollout, the number and order of iterations).

2. RELATED WORK

A good overview of diverse model compression methods
is summarized in [11] including SVD [3][5][4], Tensor de-
composition, Pruning [12][13] and Quantization [14][15]. In
general, we can further classify these compression methods
into three levels. The definition of each level depends on
the amount of training data and computation complexity for
compression.

¢ Level 1: Data-free compression (DFC) [3][5]. No
data is required. Neither post-training nor fine-tuning
is required after model compression with SVD or Prun-
ing.

¢ Level 2: Post-training compression (PTC) [16][12]
[14]. A limited set of the test data are used to post-
train compressed models and improve their accuracy.
No back-propagation is required. Our PSVD is in this
level.

¢ Level 3: Compression-aware training (CAT) [2][4]
[15][13]. A full set of the training data with ground-
truth labels is used to fine-tune the compressed mod-
els. Full back-propagation and training pipeline are re-
quired.

Typically, CAT shows better accuracy than PTC which
shows better accuracy than DFC. However, PTC has recently
received a lot of attention since it could address the key limi-
tations of CAT. First, PTC could be still applicable even when
only the pre-trained model is available; training pipeline and
datasets of commercial-grade ASR are often proprietary and
not available in public and thus CAT cannot be used in such
cases. Also, PTC can be quickly performed whereas CAT
takes a lot of training time and compute resource since its
complexity is comparable to that of the original model train-
ing procedure due to full back-propagation.

Recently, several PTC methods have been proposed.
Asym3D [16] and Channel Pruning [12] leverage layer-wise
non-linear optimization to quickly post-train the compressed
CV models. The authors of [14] post-train quantized CV
models through layer-wise bias correction and weight equal-
ization to recover the accuracy. These works basically try to
reconstruct original feature maps similar to knowledge dis-
tillation [17]. However, all previous PTC work is based on
convolution neural networks (CNNs) in the context of com-
puter vision. To the best of our knowledge, our PSVD work

is the first to leverage post-training compression on LSTM
and RNN-T. Different from stateless CNN, the stateful nature
of LSTMs makes it hard to apply post-training compression.
Our PSVD addresses this challenge through multi-iteration
layer-sequential linear regression by fully considering the
characteristics of LSTM and RNN-T networks.

3. SVD COMPRESSION OF RNN-T

RNN-T consists of an encoder, decoder (a.k.a. prediction net-
work), and joint network. The encoder is served as an Acous-
tic Model (AM) while decoder is served as a Language Model
(LM). Both encoder and decoder are based on multi-layer
LSTMs while the joint network is a feed-forward network
which combines outputs from encoder and decoder. Typi-
cally, encoder dominates the size of RNN-T model. For ex-
ample in pre-trained RNN-T model from MLPerf [9], encoder
is 42.97M parameters while decoder is 1.64M and joint net-
work is 0.7M parameters. Thus, we will focus on compress-
ing the encoder later in the paper.

LSTM is the core component of the encoder. In a high
level, each LSTM consists of two weight matrices (i.e.,W,:
input weight matrix, W},: recurrent weight matrix) along with
a chain of activation functions. Later in this paper, we will fo-
cus on compressing W, and W}, weight matrices. Note that
there are two different ways to represent W, and W},. As
shown in Figure 1, each weight matrix can be either rolled out
into 4 small matrices (i.e., Wy, W0, Wy, Wy;) or stacked
into one matrix (i.e., W,). We will evaluate the effect of dif-
ferent weight representation of LSTM on PSVD in section
5.4.
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Fig. 1. LSTM with stacked or rollout weight matrices [18]

Singular Value Decomposition (SVD)-based model com-
pression is one of widely-used compression methods. For a
given weight matrix W € RM*N W = USV, where S is
a singular value matrix which is diagonal. SVD compression
only keeps the k largest singular values of 1. Then, we could
have a compressed Welght matrix T Wthh is comprlsed of
the two small matrices U and V (.e., W = USV where S is
fused to either of U or V) Through SVD compression, the



number of parameters changes from M x N to (M +N ) x k. If
k is small enough, the number of parameters would be largely
reduced.

4. PSVD COMPRESSION

Adopting similar notation as [19], we denote the hidden state
of the [-th hidden layer at time ¢ — 1 by h!_, € R¥" and the
inputs to this layer at time ¢, which are hidden states from the
previous layer or the input features, are denoted by hi_l €

RN, The weighted sum of h!_; and h!™! are denoted by

y: € RN ', Then the equations which define a standard RNN
are

pi =W, 'h " + by (M
q; = Wphi_; +bj, )
yi = pi +dj 3)
h} = g(y}) )

where bl € RN and b}, € RYN' represent bias vectors, and
Wit e RN N and Wi e RNNi refer to the input and
the recurrent weight matrices, respectively. g¢(-) denotes a
non-linear activation function. Note that when [ = 1, h,lfl =
x¢. The above procedure can be easily extended to case of
LSTM. The input and recurrent weight matrix in the case of
LSTM is then the concatenation of input, forget, cell and out-
put gate weight matrices. Using i, f!, z, o! and c! to respec-
tively denote the input, forget, cell, output gates and cell state
at time ¢ of layer [, hs to denote the number of hidden states,
o(+) is the sigmoid function, and © is the Hadamard product,
then

i, = o(yi[:,0: hs]) 5)
fl = o(yl[:, hs : 2 % hs)) (6)
ol = o((yi[:,2 * hs : 3 % hs]) @)
z! = tanh(y![:,3 # hs : 4 * hs)) (8)
d=flocd +ioz ©)
h! = ol ® tanh(c!) (10)

As described in section 3, our PSVD is based on SVD, so

decomposing W.~! and W} produces W1 = UL-1gL-1yl-1"

T
and W} = UlStv}i .
ues approximates the factors as Uéfnglfl €
e RPN ULSE e RN and VT e REXN
The total number of parameters of W!~! is reduced from

N'=1 x Ntto (N'=! + N') x k. Similarly, the total number
of W} is reduced from N' x N' to (N! + N') x k. Based on

Keeping the top k singular val-
Tr—1 gl RN ik

the truncated weights, we have

—_~—

i~ pf = (U SV R b,
i~ o = (05 V] B, + ) 12

Note that the hidden states in (11) and (12) starting from
the second layer are different from original ones because the
input and recurrent weights have been SVD compressed in
(1) and (2), so the hidden states are updated accordingly. To
optimize the weights of the SVD compressed model, we want
to minimize the mean squared error between uncompressed
and compressed models’ outputs per layer. In this way, the
compressed model would be closer to the uncompressed
model. By assuming the uncompressed model’s output is
approximately linear with compressed model’s output, this
optimization problem could be solved via linear regression
with a small set of sampled data. More concisely, we target
to determine M!~! and M} as the solution to the following
least-squares problems:

ML = argmin,, || Mp} — p}||5 (13)
M}, = argmin,, ||[Md} — a}||F (14)

where || X ||z denotes the Frobenius norm of the matrix.
However, the recurrent and multi-layer nature of LSTMs
make this approach less effective. If each layer is post-
trained independently, the error of shallower layers will get
amplified and accumulate to deeper layers [16]. Therefore,
post-training all layers at once would not be very effective.
We propose a new algorithm Post-training compression SVD
(PSVD) which applies linear regression multiple times from
the first to the last layer in sequence to alleviate the error
accumulation issue. In our experiment we found that using it
significantly improves accuracy.

The inputs to Algorithm 1 are the original p!, ! and SVD

compressed pt, q!. In each iteration, Mf;ll is calculated to
make p} as close to p} as possible. Similarly, M ; is calcu-
lated to adjust g}. With N iterations, the final post-trained p}
and q'. are

P = My Moy oy Mo P (15)

qb = M} yMj ..M} dt (16)
Since the weights in (11) and (12) are in SVD decom-
position form, by multiplying M glc_l\l,M i‘l\l,i 1...Mi’_11 with
(UL718L71), the resulting matrix has the same dimension as

(Ui_lSi_l). The same applies for (if5 case. In Section 5, we
will discuss how many samples and iterations are needed.

5. EXPERIMENT

Our experiment is based on the Pytorch inference benchmark
pipeline provided by MLPerf [9][20] which is the industry



Result: Optimized compressed RNNT model:
calculate p! and q! for all layers without doing any
compression;
1 «— 0;
while i <= max number of trails or WER change
<= threshold do
forl e Ldo
apply SVD compression on p! to get p';
fit linear regression to determine
Mglc_zl «— argmin || Mp} — pfs“%"

update network by replacing If)Z with
post-trained M, fcjl&,

apply weight SVD on ¢! to get (ﬁ;

fit linear regression to determine
Mile « argmin || Mqj — gé”zf’

update network by ieplacing qi with

post-trained M ;quf‘
end

end
Algorithm 1: Post training SVD Compression (PSVD)

standard for deep learning benchmarks. It provides a pre-
trained RNN-T model consisting of an LSTM-based encoder
and prediction network along with a joint network. The en-
coder has 5 LSTM layers with 1024 nodes (42.97M param-
eters) while the prediction network has 2 LSTM layers with
320 nodes (1.64M parameters). The Word Error Rate (WER)
of pre-trained model is 7.45% with greedy decoding. It is
evaluated on LibriSpeech dev-clean dataset [10] less that 15
seconds in length. Since the encoder is dominant in size, our
paper focuses on the encoder only. We randomly sampled
400 audio WAV files, applied SVD decomposition on stacked
weight matrices, and iterated three times for PSVD.

The results of our experiment are presented in Table 1.
We evaluate WERs of SVD and PSVD under different thresh-
olds (i.e, Threshold k refers to keeping the top k x 100%
singular values while Compression Ratio (CR) = the num-
ber of parameters in original model)/(the number of pa-
rameters in compressed model). PSVD outperforms SVD.
When compression ratio is 7.71x, PSVD improved 8.36%
WER than SVD. Although absolute WER improvement
decreases as compression ratio (CR) decreases, relative
WER improvement of PSVD over SVD (i.e., WER,., =
100 = (WERsvd - WERpsvd)/(WERsvd - WERoriginal))
is still consistent between 20% and 30% in different com-
pression ratios.

5.1. Effects of iterations on input and recurrent weights

To illustrate how PSVD works, we study its effects on input
weight W! and recurrent weight W,ll separately. Here we only

Table 1. WER (%) on LibriSpeech dev-clean set as a function
of compression ratio with and without using PSVD. (WER of
the original uncompressed model is 7.45%)

Threshold CR - WERg,q WER,5,qaW ER, ¢

0.1 7.71 35.11 26.75 30.22
0.2 3.86 14.95 13.37 21.06
04 193 9.26 8.79 25.97

compress the first layer of the encoder using a threshold of
0.1 with randomly sampled 200 audio WAV files in Table 2.
We observe that PSVD works more effectively on recurrent
weight W,ll After applying SVD compression, the error of
hidden states accumulates as ¢ increases because W,ll is mul-
tiplied with AL, at each timestamp. Multiple iterations will
be helpful to ease the error accumulation issue on recurrent
weight W} . For input weight W! with [ = 1, h{™! is equal
to x;, the error does not accumulate in this case. Therefore,
PSVD seems to not significantly improve WER by only post-
training W,

Table 2. WER (%) of PSVD on recurrent weight W}IL or input
weight W

Number of WER,,q WERpsyq
iterations ~ on W} on W}

0 12.48 12.48

1 10.87 11.74

2 10.09 11.75

3 9.65 11.78

5.2. Effects of number of iterations

Only a few iterations are needed for PSVD. We did multiple
experiments to investigate how WER varies with number of
iterations under different thresholds and sample sizes settings.
We observed similar outcomes that 3 iterations are enough.
Table 3 shows one experiment with 400 audio WAV files and
a threshold of 0.1. In general, WER and number of iterations
are positively correlated but with some fluctuations.

Table 3. WER (%) of PSVD as a function of iterations

Number of iterations W ERpsyq
0 35.11
1 29.31
2 27.47
3 26.75
4 27.58




5.3. Effects of sample size

To study the sample size needed to apply PSVD, we exper-
imented on three different settings (100, 200 and 400 audio
WAV files) with one iteration. As shown in Table 4, 200 sam-
ples achieves the best accuracy at a threshold of 0.1. In the
other two cases, 400 samples is the best. Actually, the sample
size needed for PSVD is directly related to the sample size
needed for linear regression. Many researches suggest that
a general rule of sample size needed for linear regression is
10 per each variable. 400 audio WAV files generates about
80,000 samples. Since the number of regression variables are
4096 per per layer, we have about 20 samples per each vari-
able, which are good enough for linear regression.

Table 4. WER (%) of PSVD as a function of sample size

Threshold Number of W ERgy,q WERpsva
WAV files
0.1 100 35.11 30.61
0.1 200 35.11 29.04
0.1 400 35.11 29.31
0.2 100 14.95 14.18
0.2 200 14.95 14.22
0.2 400 14.95 13.95
04 100 9.26 9.22
04 200 9.26 9.15
04 400 9.26 8.99

5.4. Stacked vs. rollout weight matrices

The recurrent weight matrix W} is a concatenation of the
four gate weight matrices, obtained by stacking them verti-
cally, [Whi,th,th,Who]T, which corresponds to the
input, forget, cell and output gates, respectively. Simi-
larly, the inter layer matrix W/ is the concatenation of
(Wai, Wap, Was, Wao]? which represents the inner weights
of the input, forget, cell and output gates. While applying
SVD compression, we can either apply in the stacked matrix
level (W}L, W) or in the rollout matrix level (Wp;, W, Foeee)-
Based on our experiment, we observed that applying SVD on
stacked matrix outperforms applying SVD on rollout matrix,
as shown in Figure 2. Throughout this paper, we refer to
applying layer-wise SVD on stacked matrix by mentioning
SVD compression.

5.5. Model generalization

To demonstrate the model generalization ability, we trained
PSVD on 200 randomly chosen LibreSpeech dev-clean wav
files and tested on the whole test-clean data, which contains
2620 wav files and represented accuracy in Table 5. We ob-
served consistent trends as in previous subsections. PSVD

== roll out {layer-wise)
14 =i stacked {layer-wise)

WER (in percentage)

14 16 18 20 22
Compression ratio (original size)ficompressed size)

Fig. 2. WER(%) as a function of compression ratio by apply-
ing SVD compression on stacked and rollout weight matrices.

brings more significant improvements when compression ra-
tios are relatively large and improves with more iterations.
We also tested PSVD on TED-LIUMV?2 test data [21] which
containing 1144 wav files. WER of uncompressed model on
TED-LIUM test data is 30.07%. When we compress at 0.1
(CR=7.71), WER increases to 60.21%. With three iterations
of PSVD, WER drops to 53.32%. Similarly, PSVD brings
WER from 41.75% down to 38.07% when compressing at 0.2
(CR=3.86) and brings WER from 33.93% down to 32.65%
when compressing at 0.1 (CR=1.93).

Table 5. Word error rates (%) on LibriSpeech test-clean set
as a function of compression ratio and number of iterations
with and without PSVD. (WER of the original uncompressed
model on test-clean set is 7.67%)

Threshold Number of WERs,q WERpsq
Iteration
0.1 1 35.73 30.62
0.1 2 35.73 29.54
0.1 3 35.73 28.35
0.2 1 15.13 14.90
0.2 2 15.13 14.50
0.2 3 15.13 14.11
0.4 1 9.50 9.35
0.4 2 9.50 9.30
0.4 3 9.50 9.26

5.6. Discussion

In our experiments, we seek to understand the impact of the
proposed PSVD algorithm from different perspectives. We
validated that PSVD works robustly with a small amount of



test data on different compression ratios. Also, post-training
completes quickly within a few number of iterations and thus
within a few hours on a commonly available CPU. Accord-
ingly, PSVD can be easily extended to other RNN-based neu-
ral network models.

For simplicity, we used uniform thresholds for all lay-
ers. However, different layers have different sensitivities to
compression and recurrent weights may also react differently
from input weights. To have an optimal model to balance be-
tween model size and accuracy, we could further study auto-
tuning compression (e.g., reinforcement learning, Bayesian
optimization) on top of PSVD. In addition, we could include
low-bit quantization which is orthogonal to PSVD and thus
could further reduce the model size.

6. CONCLUSION

We presented a technique to post-train a SVD compressed
RNN-T model without a large training dataset and costly
back-propagation. The proposed technique adopts linear
regression sequentially to mitigate the gap between uncom-
pressed and compressed models, which could improve WER
up to 8.36%.
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