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ABSTRACT

In this paper, we introduce the Kaizen framework that uses

a continuously improving teacher to generate pseudo-labels

for semi-supervised training. The proposed approach uses a

teacher model which is updated as the exponential moving

average of the student model parameters. This can be seen

as a continuous version of the iterative pseudo-labeling ap-

proach for semi-supervised training. It is applicable for dif-

ferent training criteria, and in this paper we demonstrate it for

frame-level hybrid hidden Markov model - deep neural net-

work (HMM-DNN) models and sequence-level connectionist

temporal classification (CTC) based models. The proposed

approach shows more than 10% word error rate (WER) re-

duction over standard teacher-student training and more than

50% relative WER reduction over 10 hour supervised baseline

when using large scale realistic unsupervised public videos in

UK English and Italian languages.

Index Terms— speech recognition, semi-supervised

training, pseudo-labeling, low-resource

1. INTRODUCTION

Self-training [1, 2, 3] is one of the most widely used ap-

proaches for semi-supervised training of automatic speech

recognition (ASR) models. This approach uses an initial

model that is called as “teacher” model or “seed” model to

generate labels for the unsupervised data. The generated la-

bels are called as pseudo-labels. The labeling can be done

at the frame-level, which is usually in the form of soft tar-

gets or a distribution as in the case of knowledge distillation

[4, 5, 6], or at sequence-level. While there are approaches to

use a distribution over sequences [7, 8, 9] for sequence-level

distillation, often only the best hypothesis sequence is used as

pseudo-labels. The unsupervised data with the pseudo-labels

is combined with the supervised data to train a new model.

This approach is also known as “pseudo-labeling” and serves

as the baseline for semi-supervised training. This process

can be repeated for several “generations” to obtain better

models in successive generations [10]. Strong data augmen-

tation while training the student model is shown to improve

self-training and helps to avoid local optima [11, 12, 13].

As opposed to changing the teacher model in discrete steps

i.e. after each generation of pseudo-labeling, some recent

works have explored updating the model continuously and

using it to generate pseudo-labels [13, 12, 14]. In this class

of approach, we propose a new pseudo-labeling framework

named Kaizen. In Kaizen, we propose to use the Exponential

Moving Average (EMA) of the student model as the teacher

model. We show that this approach in combination with data

augmentation stabilizes the training even when using large-

scale realistic unsupervised dataset with only 1-10 hours of

supervised data. The proposed approach shows more than

10% word error rate (WER) reduction over pseudo-labeling

and more than 50% WER reduction over 10 hour supervised

baseline when using large scale realistic unsupervised public

videos in UK English and Italian languages.

In Section 2, we compare our proposed work to related

works in the literature. In Section 3, we describe the proposed

Kaizen framework and the training criteria used. In Section 4,

we describe the experimental setup and discuss the results.

In Section 5, we provide our conclusions and planned future

work.

2. RELATED WORKS

Exponential Moving Average (EMA) has been used previ-

ously for semi/self-supervised training. Temporal Ensem-

bling [15] uses EMA on network predictions while in this

work we apply it on the network parameters. Mean Teacher

[16] uses EMA on parameters and consistency cost for image

recognition tasks. In this work, we generalize EMA teacher

to use with sequence-level loss like CTC and on ASR tasks.

BYOL [17] showed that EMA teacher can be used for self-

supervised learning without using negative examples. Our

work in this paper focuses on a semi-supervised learning

setting. Multiple-iterations of pseudo-labeling along with

strong data augmentation are shown to be superior to single

generation of pseudo-labeling [11, 12]. In [13], Chen et al.

extend this to continuously train a single model and using

the latest model state to generate new pseudo-labels. This

approach was found to be unstable due to model divergence

in [14]. slimIPL [14] approach gets around this by using

http://arxiv.org/abs/2106.07759v1


a dynamic cache containing pseudo-labels generated from

an older model states. Our proposed Kaizen approach is

an alternative way of stabilizing the training when using a

continuously updating teacher by using exponential moving

averaging with a sufficiently large discount factor.

3. METHOD

3.1. Kaizen: Continuously improving teacher

The Kaizen framework consists of a pair of models – the

teacher model and the student model – that are trained si-

multaneously. The student model is trained using standard

gradient-based optimization. Let its parameters be θt after t

updates. The teacher model parameters ξt are updated every

∆ steps as the exponential moving average (EMA) of the stu-

dent model parameters:

ξt = (1 − α)ξt−∆ + αθ⌊ t

∆⌋∆
, (1)

where α is a discount factor. A higher α discounts the older

student models’ parameters and gives more weight to the

more recent student models’ parameters.

Kaizen can be described using a block diagram as in Fig-

ure 1. The audio features x from an utterance in the unsuper-

vised dataset is fed through both teacher and student neural

network models. For the student model, the data is augmented

on-the-fly using data augmentation approaches like SpecAug-

ment [18]. The student network hidden activations are also

randomly dropped using dropout [19], while dropout is not

applied on the teacher network. The resultant outputs from

the teacher and student models, ŷ and y respectively, are used

to compute the loss F(ŷ, y). The gradients are backpropa-

gated through the student network to update its parameters

θt. The gradients are not backpropagated through the teacher

model, which instead is updated as exponential moving aver-

age of the student model parameters as in (1).

3.2. Exponential Moving Average (EMA)

Exponential averaging is more commonly described by using

a decay factor λ = 1 − α. However, we find the discount

factor α to be more intuitive to quantify the ”distance” be-

tween the student model, which is also referred to as the on-

line model, and its slow moving average (teacher model). The

EMA model parameters can also be written as an infinite sum-

mation over student models after different number of updates

as in (2). Each student model θi contributes with a weight wi

to the summation i.e.

ξt =
∑

i≤t

wiθi

, αθt + (1− α)αθt−∆ + · · ·+ (1− α)
n
αθt−n∆ + . . .

(2)

α ∆ λ τ

0.01 1 0.99 69

0.001 1 0.999 693

0.0001 1 0.9999 6931

0.001 10 0.999 6928

0.0025 10 0.975 2769

Table 1. Half-lives for common values of α and ∆

Another useful quantity is the half-life τ which is defined

as:

τ := wt−τ =
wt

2

= −∆
ln 2

ln (1− α)

(3)

The half-lives from some values of α and ∆ are shown in

Table 1.

A larger α or equivalently a small half-life results in the

teacher model being “too close” to the student model. This

can encourage the model to produce targets that are easier for

the model to predict, leading to “collapse” of the model so that

the model starts predicting just silences or <blank>. This is

consistent with the observations in [14] where the authors also

observed divergence when not using dynamic cache, but is in

contrast to the work in [13] where the authors were able to

train the model successfully. However, our setup is signifi-

cantly different from the setup in [13] because we only have

1-10hr of supervised data.

A smaller α gives smaller weight for the recent student

model. This results in more stable training. However, the

teacher model is more static and this can lead to worse perfor-

mance. We find that for ideal performance and stable training,

the half-life should be at least 1000 or higher.

In one extreme of α = 0, the teacher model is not updated

at all. This is equivalent to the single-stage pseudo-labeling

a.k.a. teacher-student training. In the other extreme of α = 1,

the teacher model is replaced with the student model every

∆ updates. This is equivalent to iterative pseudo-labeling

(IPL). Our proposed Kaizen framework thus provides a gen-

eralized framework for semi-supervised training that encom-

passes both single-stage pseudo-labeling as well as IPL.

3.3. Training criteria

The Kaizen framework can be used with different training cri-

teria and modeling paradigms. In this paper, we investigate

two modeling paradigms:

• Hybrid HMM-DNN: This is the simplest paradigm

where the neural network model predicts context-

dependent character (chenone) units [20] at the frame-

level. In the Kaizen framework, we train the student

network to minimize the Kullbeck-Leiber divergence

[21] between the teacher network’s chenone posterior



x

Data Aug-

mentation

Student

network

θt

Teacher

network

ξt
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Fig. 1. Block diagram of the Kaizen framework

distribution ŷ and student network’s chenone posterior

distribution y. This is similar to the case of standard

teacher-student training. In our work, we take the top

K posteriors from the teacher network to get at least

0.99 probability mass as done in [22].

F(ŷ, y;x) = D(ŷ || y) (4)

• CTC: In this paradigm, the neural network model is

trained with the sequence-level criterion of connection-

ist temporal classification (CTC) [23]. In the Kaizen

framework, we train the student network using the CTC

loss (5) of minimizing the conditional probability of the

token sequence ŷ predicted by the teacher network. In

this work, we use greedy decoding as in [13, 14] where

the sequence ŷ is obtained by de-duplicating the output

label sequence of the teacher model and removing the

<blank> labels.

F(ŷ, y;x) = − log pθ(ŷ | x) (5)

Alternatively, a beam-search decoding can be used to

obtain ŷ. However, this is computationally more ex-

pensive and we did not try this here.

3.4. Half-precision floating-point (fp16) training

When the models are in full-precision floating point (fp32)

representation, the Kaizen approach is straightforward. How-

ever, when the models use half-precision floating point (fp16),

we found that it is critical that the EMA parameters are ac-

cumulated in fp32. This results in an extra copy of EMA

parameters in fp32. Without this additional copy of EMA pa-

rameters in fp32, there is significant degradation relative to

fp32 training and for some parameter settings, it does no bet-

ter than single generation of pseudo-labeling. This shows that

high precision is essential to capture the small changes in the

EMA model.

Note that the additional fp32 copy is only used for the

EMA update step. After the update step of EMA parameters,

it can be casted to fp16 so that the forward pass through the

teacher network is in fp16. This allows using 1.5 times larger

batch size compared to fp32 without any loss in accuracy.

4. EXPERIMENTS

4.1. Data

For training data, we use de-identified public videos with no

personally identifiable information (PII) in UK English and

Italian languages. In this paper, we simulate a low-resource

scenario by limiting to a subset of 10 hours of supervised data,

and a more extreme scenario with just 1 hour of supervised

data in UK English. For both these languages, we use a much

larger amount of unsupervised data consisting – 75000 hours

for UK English and 50000 hours for Italian. As an upper-

bound experiment, we compare with a supervised-only setting

where we have 650 hours for UK English and 3700 hours

for Italian. The supervised data is augmented 3x with speed

perturbation [24]. For evaluation, we use a 14 hour test set

for UK English and a 20 hour test set for Italian. We use a

separate development set of the same size for hyper-parameter

tuning.

For UK English language, we use transcripts correspond-

ing 650 hours plus an additional 13000 hours of generic En-

glish video transcripts for language model (LM) training. For

Italian language, we use the transcripts from the same 3700

hours for LM training.

We used a hybrid flatstart lattice-free maximum mutual

information (LFMMI) [25] trained time-delay neural network

- bi-directional long short-term memory (TDNN-BLSTM)

[26, 27] model for data preparation. We refer to this as the

alignment model. This was used to align and segment the

data into 10s segments for training. The unsupervised data

was pre-processed using a proprietary voice activity detection

(VAD) model to select only speech segments of maximum

duration of 45s. These segments were then decoded using

the alignment model to produce machine generated transcrip-

tion which is used as reference for the data preparation stage

(aligning and segmentation into 10s).

4.2. Model details

The hybrid TDNN-BLSTM LFMMI alignment model has 2

BLSTM [28] layers with 640 hidden units in each recurrence

direction and 3 TDNN layers [29, 30] with 640 hidden units

interleaved between input and first BLSTM layer, and be-

tween the 2 BLSTM layers. The modeling units for this is

context-dependent bi-character units, each modeled with a

1-state HMM topology with state-tying done using context-

dependency tree built using purely the text transcripts (no



alignments) and silence inserted randomly between words as

done in [31].

We investigate the Kaizen approach with two modeling

paradigms – hybrid HMM-DNN and CTC. For hybrid HMM-

DNN paradigm, the modeling units are context-dependent tri-

character units, each modeled with a 1-state HMM topology

with state-tying done using a context-dependency tree build

using statistics from the frame-level character alignments pro-

duced by the alignment model. For CTC paradigm, we use

sentence-piece [32] units. For both these paradigms, we use a

neural network model with a 2 VGG layers [33] followed by

12 transformer blocks (768 hidden units, 8 heads) [34] follow-

ing [35]. Each VGG layer sub-samples by 2 in the time-axes

using max-pooling [36], resulting in the model that outputs at

a rate of 25Hz (40ms time step).

The input features to all the models are 80 dimensional

Mel-scale log filterbank coefficients computed every 10ms

over 25ms windows. Spectral masking is applied on-the-fly

using SpecAugment except for the teacher model in Kaizen

approach.

4.3. Training details

For 10 hour or 1 hour of data, the hybrid TDNN-BLSTM

LFMMI trained alignment model has lower WER than the

12-layer transformer model trained using either cross-entropy

(CE) loss or CTC loss. For e.g., the dev results in Table 2 for

10 hour supervised with CTC paradigm is significantly worse

than the hybrid model. Thus the alignment model also serves

as the supervised baseline.

For the semi-supervised experiments, we have a “pre-

training” stage where we train only on unsupervised data for

150k or 200k updates. For Kaizen approach, first 25k updates

we use the labels produced by the baseline model (just like

in regular pseudo-labeling). The EMA model is started to be

accumulated after 15k updates. There is a “burn-in” period

for EMA model from 15k updates to 25k updates where the

EMA model is being updated, but the student model is still

being trained using labels from the baseline model. After 25k

updates, we switch to using pseudo-labels from continuously

updated teacher model. We follow the pre-training stage

with a fine-tuning stage where the model is fine-tuned on the

supervised data.

We use the Adam [37] optimizer with mixed-precision

[38] training and gradient norm clipping at 10. For the su-

pervised LFMMI baseline, we use a learning rate that rises

from 1.25e-6 to 1.25e-4 in 500 updates and then reduces by

a factor of 0.5 when the valid loss improvement is less than

1e-4 relative. We use distributed data-parallel training (DDP)

with batch of 40 min of audio distributed across 4 GPUs. For

the pre-training stage of semi-supervised experiments, we use

a learning rate schedule that rises linearly for 7.5k updates

to 1.5e-4 and decreases linearly to 0 after 200k updates of

training. We use DDP with batch of 17.1 hours of audio dis-

Model Paradigm dev test WERR

10hr sup Hybrid 53.9 51.1

10hr sup CTC 74.4 -

650 hr ub Hybrid 23.3 22.4 56.3

PL Hybrid 30.2 29.8 41.7

Kaizen Hybrid 27.3 26.8 47.6

PL CTC 26.2 25.5 50.2

Kaizen CTC 23.2 22.7 55.5

IPL CTC 23.9 23.4 54.2

Table 2. WERs on 10hr UK English setup with 75k hours of

unsupervised data
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Fig. 2. Effect of EMA discount factor α

tributed across 64 GPUs. For fine-tuning, we use a learning

rate schedule that rises linearly for 500 updates and decreases

linearly until 10k updates. We use DDP with batch of 40min

of audio distributed across 4 GPUs.

4.4. Results

4.4.1. Public videos

Tables 2, 3 and 4 show WER results comparing standard

pseudo-labeling (PL), Kaizen and IPL on 10hr UK English,

10hr Italian and 1hr UK English public video setups. We also

use a hybrid model trained on 10hr or 1hr of supervised data

as the baseline. The WER reductions (WERR) are reported
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Fig. 3. Effect of EMA update frequency ∆
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Fig. 4. Comparing IPL and Kaizen

Model Paradigm clean noisy extreme WERR

10hr sup Hybrid 39.7 43.9 60.4

2.7khrs ub CTC 9.3 11.8 17.2 73.8

PL CTC 13.2 17.2 26.3 61.4

Kaizen CTC 11.5 14.6 21.8 67.2

IPL CTC 11.5 14.6 21.8 67.2

Table 3. WERs on 10hr Italian setup with 50k hours of unsu-

pervised data

relative to this baseline for all the models. We also report

performance of an upper-bound (ub) model that is trained on

all the supervised data that we have access to i.e. 650 hours

on UK English and 2.7k hours on Italian. On UK English

setups, we show WERs on dev and test sets. On Italian setup,

we show WER on 3 test sets – clean, noisy and extreme.

We can see from the results that Kaizen out-performs PL

by more than 10% relative on all the setups and both hybrid

HMM-DNN and CTC paradigms. Kaizen is also similar to

or slightly better than IPL on all the setups. On both UK

English and Italian languages, we close the gap to the upper-

bound ASR system that uses 650hr or 2.7khrs respectively

using just 10 hours of supervised data and a large amount of

unsupervised data.

Model Paradigm dev test WERR

1hr sup Hybrid 81.1 79.9

650 hr ub Hybrid 23.3 22.4 72.0

PL Hybrid 64.6 62.3 22.0

Kaizen Hybrid 53.4 53.0 33.7

PL CTC 55.3 54.8 31.4

Kaizen CTC 37.2 35.3 55.8

IPL CTC 37.9 36.7 54.1

Table 4. WERs on 1hr UK English setup with 75k hours of

unsupervised data

4.4.2. Effect of EMA parameters

In this section, we study the effect of two EMA parameters

– the decay factor α and update frequency ∆. We do this

investigation on the UK English videos dataset in the hybrid

HMM-DNN paradigm. The stability of training depends on

the distance between teacher and student models, which for

Kaizen is quantified using half-life 3.

The plots in Figures 2, 3 and 4 show the WER on UK

English 10 hours supervised setup during the “pre-training”

stage as a function of number of hours of training for various

training runs. For each training run, the point where the model

switches to using the continuously generated pseudo-labels is

marked with a solid circle.

Figure 2 shows various training runs with α ∈
{0.1, 0.01, 0.001, 0.0001} and ∆ = 1. We see that the model

diverges very quickly when α = 0.1, which corresponds to

a half-life τ = 7. The model training gets more stable pro-

gressively as we increase the α value towards the most stable

0.0001, which corresponds to half-life τ = 6931.

Figure 3 demonstrates the effect of EMA update fre-

quency ∆. For α = 0.001, there is divergence with ∆ = 1
(τ = 693), but the training is stable and WER improves con-

tinuously with ∆ = 10 (τ = 6928). For higher value of α like

0.1 or 0.25 where half-life is less than 10 if ∆ = 1, the train-

ing diverges almost immediately as seen for α = 0.1,∆ = 1.

But even with such α, the training is stable if ∆ is increased

to 1000 as seen for α = 0.25,∆ = 1000 (τ = 2409).

Figure 4 compares the basic Kaizen case of α =
0.00025,∆ = 1 with IPL (α = 1,∆ ∈ {100, 1000, 10000}).

We see that with ∆ = 100, IPL diverges very soon after

switching to using continuously generated pseudo-labels. In-

creasing ∆ stabilizes it as seen with ∆ = 1000 where the

divergence happens only after training on 1M hours. Using a

much larger ∆ value of 10000 (For batch size of 17.1 hours

and dataset of 75k hours, this is 171k hours = 2.8 epochs), the

model trains stably but improves more slowly. Using typical

Kaizen parameters of α = 0.00025,∆ = 1 corresponding

to half-life of 2772, the training is stable while also showing

better WER after 2M hours.

These results show that the model training is not stable un-

less the distance between teacher and student models is suffi-

ciently large (half-life of more than 2000). Smaller distances

i.e. smaller half-lives lead to “collapse” and WER degrades

rapidly. In particular, we find that for updating the model con-

tinuously ∆ = 1 as in [13] requires a small EMA discount

factor to discount most recent student models. We also tried

to mix-in some supervised data such that 10% of data in each

epoch is supervised. This did not help stability. We hypothe-

size that this is partly due to our supervised dataset being very

small in the order of 1-10hr. Further experiments with larger

datasets are needed in the future to investigate this.



5. CONCLUSIONS AND FUTURE WORK

We introduce the Kaizen framework for semi-supervised

training that uses a continuously improving teacher model

to generate pseudo-labels. The teacher model is updated as

the exponential moving average of the student model. The

proposed framework is shown as a generalization of pseudo-

labeling and IPL. We analyzed the effect of the EMA param-

eters and showed that the distance between the teacher and

student models is the key for effective and stable training.

A small EMA half-life leads to collapse of the model and

poor performance, while too large a half-life leads to slow

improvement. We showed that the proposed approach gives

more than 10% WERR over standard teacher-student training

and performs comparatively to IPL on public videos dataset

in UK English and Italian languages.

5.1. Future Work

This work has explored Kaizen for Hybrid HMM-DNN and

CTC based models, and we plan to explore this further for

sequence-to-sequence models like RNN-T. Preliminary ex-

periments show that scheduling EMA parameters is promis-

ing. Using larger discount factor in the beginning of training

allows the teacher to forget the history and benefit from the

fast improving student in the beginning. The discount factor

can be later reduced to make the training more stable. While

current work as shown applicability in low-resource scenario,

we plan to further expand it to higher resource settings that

have 100s to 1000s of hours of supervised data. The proposed

approach naturally fits into online training of ASR models.
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