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Abstract

Although the advantages of large models have been widely
proved in speech recognition, small models are still required in
several applications due to the limited computational resources
or training data. The recognition accuracy of small models has
always been a challenging issue. This paper proposes a
distillation method for the pruned RNN-T structure to enhance
the generalization ability of small models by leveraging
information from large models, where the small model shares
the pruning bounds of the large model as well as the decoder
and connector structures, and multi-loss fusion is used to distill.
Utilizing the Chinese speech dataset Aishell-1, experimental
results demonstrated that the small model distilled from pre-
trained large model significantly outperforms the directly
trained model of the same size by a notable relative reduction
0f 30.4% in Character Error Rate (CER), thereby validating the
effectiveness of the proposed knowledge distillation method.

Index Terms: ASR, Pruned RNN-T, knowledge distillation

1. Introduction

In the field of speech recognition, large-scale models trained
using massive data have become the mainstream of research
and application due to their excellent performance. The training
and inference of large-scale models have high demands on
computational resources. But several practical applications
often face the problem of limited computational resources and
scene data. Thereby small-scale models are needed.

Due to the lower training memory consumption and better
training stability, the pruned RNN-T [1] architecture has
become a commonly used training architecture for large models
of speech recognition. However, when training the pruned
RNN-T model, the range of output prediction for an input audio
frame is determined by a complex calculation on input acoustic
and linguistic features. During knowledge distillation using
pruned RNN-T architecture, the student model and the teacher
model usually use different encoders and decoders with
different parameters, structures, etc. So, the same input audio
frame will produce different text prediction ranges on the two
models, resulting in the inability to compute the loss of the
distillation prediction distribution, which is based on the
premise of predicting the output range to be the same. Therefore,
suitable distillation methods for pruned RNN-T architectures is
needed. This paper proposes a knowledge distillation method
for pruned RNN-T models, using a large model as the
distillation teacher model, and a small model with a fewer
encoder parameters as the student model, and the small model
inheriting the parameters of the decoder and connector modules
from the large model; during the training process, the results of
the RNN-T pruned bounds of the large model are used for the

training of the small model directly, and the small model no
longer calculates the bounds by itself, thus solving the problem
that the prediction distributions of teacher and student models
cannot be aligned; Meanwhile, the feature-level distillation loss
at multiple frame rates are used under a fusion strategy of
multiple losses along with the CTC loss [2], the RNN-T loss [3],
and the prediction distribution distillation loss. The loss fusion
strategy is carried out in different ways according to different
stages of training according to and the model gradient.

The experimental results of the proposed method on the
Aishell-1 dataset [4] demonstrated that the CER of the distilled
small model was reduced by 30.48% compared to the small
model trained directly. It proved that the distillation method is
effective and a small model distilled from large model could be
more effective than the one trained directly on same dataset.

2. Related work

Knowledge distillation (KD) was originally proposed by [5] to
guide the training of student models through the output of
teacher models and is often used to distill large teacher models
into smaller student models [6][7][8][9].

End-to-end speech recognition methods include CTC, RNN-
T, AED [10], and the pruned RNN-T method improved from
RNN-T. The CTC method is premised on the Conditional
Independence Assumption, which assumes that the output
characters are only dependent on the current input. Whereas
RNN-T introduces a decoder (or predictor) module that feeds
the output information from the previous context back into the
model, thereby avoiding the issue of conditional independence
assumptions. The AED method, on the other hand, employs an
attention mechanism that uses the previous context as the query
and the acoustic features as key-value pairs to obtain the
subsequent context in an autoregressive manner.

The RNN-T method considers the alignment between each
acoustic and linguistic vector during the training process, and
thus has the problems of slow speed, high memory usage, and
unstable and difficult to converge results. The pruned RNN-T
method linearly transforms the acoustic and linguistic features
into the lexicon space in advance to obtain the acoustic
prediction and linguistic prediction, and then computes the
alignment boundaries of acoustic and linguistic features
efficiently through these predictions. The pruned RNN-T is
stable and easy to converge, and significantly reduces the
memory usage during training.

Zipformer [11] was used as the encoder for the RNN-T
architecture. Zipformer is derived from Conformer [12], a
widely used encoder model in speech recognition. The
Zipformer encoder employs a U-Net structure, where the
embedding features of input data are extracted before the
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encoder modules that are symmetrical along the temporal
dimension. Each module uses a different downsampling rate to
have different temporal resolutions, effectively addressing the
issue of temporal alignment in audio sequences.

3. Proposed method

The overall structure of the knowledge distillation method
proposed for pruned RNN-T is shown in Fig. 1. The teacher
model contains three components: a decoder, a joiner, and an
encoder with a large scale of parameters. The student model
contains a randomly initialized encoder with fewer parameters.
Both the teacher and student encoders adopt the Zipformer
structure. The decoders utilize a stateless convolutional
structure [13], and the joiner employs a linear layer structure.
Label @ and @ in Fig. 1 indicate that the feature outputs from
the teacher and student encoders are separately fed into the
teacher joiner along with the outputs from the teacher decoder,
thereby generating the predictive distribution respectively, i.e.
teacher and student logits.
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Figure 1: The overall distillation structure

3.1. Distillation sharing bounds of pruned RNN-T

In the process of distilling pruned RNN-T model, discrepancies
may arise between the pruning bounds computed by the student
and teacher models. As a result, the pruned outcomes based on
these bounds may be different, leading to misalignment
between the logits from the teacher and student models.
Therefore, the logits from the teacher model cannot be used as

effective labels to guide the student model. To address this issue,

student model directly shares the pruning bounds of the teacher
model to compute loss of logits.

The input acoustic Fbank features are converted into
acoustic features by the teacher encoder Encodery:

am; = Encoder;(X) (€))]
where X represents the input acoustic features, 7 denotes
teacher model.

The texts are converted into textual features representation
Im by the teacher text decoder Decoderry:

Im; = Decodery(Y) 2)
where Y represents the text labels.

Boundaries of the pruned RNN-T, denoted as Bounds, are
computed based on amy and lm, as shown in the following
equation:

3
where, the function Compute_bounds(-) represents the bound
calculation process described in [1].

Bounds = Compute_bounds(amy,lmy)

Then, amy and Imy are pruned by Bounds, and the result
is fed into the joiner module Joinerr to obtain the model’s
output predictive distribution Logitsy.
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Pruned,,,, Pruned, = Prun(ampr,

Ilm, Bounds) 4)
Logits = Joinerr(Pruned_amy,
Pruned_lm;, Bounds) (5)

Where the Prun(-) operation aligns amy and lm; based on
the Bounds as described in [1].

Similarly, the acoustic features are encoded by the student
model encoder to obtain the student model’s acoustic feature
representation amg . Consequently, the Bounds from the
teacher model are used to prune amg to obtain Pruned_amg,
as shown in the following equation:

(6)
7

Together with Pruned_amg and Pruned_lmy , the
student model’s predictive distribution Logitss is computed

by the teacher model's joiner module Joinery as shown in the
following equation:

Logitss = Joinery(Pruned_amg, Pruned_lm;)

amg = Encoders(X)

Pruned_amg = Prun(amg, Bounds)

8

For facilitating the computation of the distillation loss, the
model predictions Logits € REXT*SXD  are reshaped to
Logits2D € RVN*P | where N equals BX Tx S. Here, B
represents the batch size, 7 denotes the time steps, S indicates
the span of the bounds and D is the vocabulary dimension:

Logits2D; = Reshape2(Logits,D) 9
Logits2Ds = Reshape2(Logitss, D) (10)

where Reshape2 () is the transformation of the output into the
desired two-dimensional format.

The distillation loss is computed using the Kullback-Leibler
(KL) divergence between the teacher and student predictive
distributions, as Eq. (11-12):

P@)

D (Pl Q) = Z P()log 55

an

LosSiogits = z Dg,(Logits2D.(j) || Logits2Ds(j)) (12)
J

where Logits2D;(j) and Logits2Ds(j) denote the

predictive distribution vectors for the teacher model and student

model.

Additionally, distillation loss of multi-frame-rate feature-
level is introduced, using KL divergence to measure the
difference between teacher and student models in feature level
in order to guide the training of the encoder in student model.
This process is illustrated in Fig. 2. CTC loss and RNN-T loss
are also utilized to constrain the updates of model parameters
using text labels.

3.2. Dynamic multi-Loss fusion

The distillation loss incorporates three components: the hard-
label loss LoSSpqrq, the feature loss Lossye,, and the predictive

distribution loss Loss;ogits-
The correct text labels are used to calculate Lossqrc and

Lossgyyr firstly, and then use the weighted sum of them as

hard-label loss:
Losspgrq = Lossgynt + @ - LOSScrc

(13)

where a is a hyperparameter.
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Figure 2: Multi-frame-rate feature-level distillation loss.

The soft-label losses, including the multi-frame rate feature
loss Lossfe, and the predictive distribution loss Lossogits
helps the student model to learn both the feature representations
and the output probability distribution of the teacher.

There is large discrepancy in the value scales of these three
losses, and optimization direction for various losses are
inconsistencies. In order to prevent some of the loss functions
from being completely suppressed by the others and to ensure
that the most suitable loss function plays a dominant role in
different stages of training, the fusion strategy scales them by
gradients to match the value scale of the specified loss, and then
computes a weighted sum based on the predefined weights.

3.2.1. The Gradient significance factor

Since the losses are applied to different layers of the model, to
ensure the gradients are computable, the gradient significance
factor (GSFyie1q) of each loss is defined as the sum of the L2

norm of the gradients with respect to each layer of the
Zipformer ConvEmbed module. The calculation formula is as

follows:
N 2
aLf 1d
Gstia =Y. |3 (et
i=1 | J Y

where, Lyie1q represents the target loss of different types, field=
{fea, logits, hard}, 8;; denotes the j-th parameter of the i-th
layer of the module.

(14)

3.2.2. Staged selection of reference gradients significance
factor

The distillation training is divided into three stages:
initialization, distillation, and fine-tuning. In three stages,
feature-level loss, distillation predictive distribution loss, and
hard-label loss serve as the dominant loss respectively. This
structure ensures that during the initialization stage, the
intermediate layers of the model align with the teacher model's
features; In the distillation stage, the student model learns from
the teacher model through predictive distribution; In the fine-
tuning stage, the text label is used as the dominant loss for
optimizing.

To better control the update step size of the model
parameters, GSRFiqge , corresponding to the different
dominant losses, is used as the reference gradient during the
various stages of training:

GSFfeq ,if stage =0
GSRFstqge = 4 GSFiogies »if stage =1 (15)
GSFhara if stage =2

where, stage 0 indicates the initialization stage of training, 1 is
the distillation stage, and 2 is the fine-tuning stage.
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3.2.3.  Loss scaling factor

In the process of integrating multiple losses, the scaling
coefficients for each loss are computed as follow:
Ratio’29¢

rieta X GSRFstage
GSFfieia
(field = {fea, logits, hard}, stage = {0,1,2})

is hyperparameter related to stage and loss type, and the value
domain is [0, 1].

scalegierq = max(min( ,1),0) (16)

. stage
where, Ratloﬁeld

In Eq. (16), the loss is regularized using GSFf;¢ 4, scaled to
the magnitude of the dominant loss by GSRF;qge, and finally

adjusted based on empirical weighting through Ratio;it :lge.

The final overall loss is as follows:

Loss = scaleygrq X LOSSparg +
scaleyygits X L0SSogitst Scalefeq X LOSSfeq

17)

By employing the approaches, it is sure that each loss can
affect the parameter updates in accordance with the predefined
proportions in different stage of training.

4. Experiments

4.1. Experimental setup

Dataset used in the distillation training is a 178-h Chinese
Mandarin dataset, Aishell-1. The dataset used in training of the
pre-trained large model is a 13,906h open source Chinese
Mandarin dataset [4, 14-22].

Following models were tested in the experiment:

(1) Large Model and Small Model

Large Model and Small Model are two Zipformer models
trained using Aishell-1 with different model depth and the
number of nodes. Their parameter scales are 91M and 21M
respectively for the large and the small model.

(2) Distilled-Large

Distilled-Large is a 21M student model distilled from the
Large Model(91M) using Aishell-1 while freezing the teacher
model parameters during training.

(3) Pretrained-Large

The pretrained large model is an open-sourced model with
150M parameters [23].

(4) Distilled-Pretrained-Large

A 21M student model distilled from the Pretrained-Large
using Aishell-1 while freezing the parameters of teacher model
during training.

Greedy search strategy is used for streaming decoding of
the RNN-T model. The streaming window size (chunk-size) is
set to 64, with a left-context-frame size of 256 to focus on the
preceding frames.

The performance is evaluated using CER to measure the
difference between the output character sequence and the target
text sequence.

4.2. Experimental results

4.2.1. Comparison experiment

Table 1 provides experimental results of models on Aishell-1
dataset in CER. Comparing Distilled Large model and Small
model, CER is reduced from 8.17% to 7.57%. However, since



CER of the teacher model, Large model, is 6.44%, the CER of
the student model is inherently limited by the teacher model's
capabilities, which can not reveal the full potential of the
distillation method. Therefore, Pretrained-Large model with
better CER (1.38%), was used as teacher model for distillation.
The result model, Distilled-Pretrained-Large, has a CER of
5.68%, which is relative reduction of 30.48% compared to the
directly trained small model. It proved the distillation method
can effectively enhance the generalization ability of the small
model by leveraging the large model's capabilities despite
limited training resources.

Table 1: Results of models on Aishell-1 dataset in CER

Model Parameters Test-CER
Large 91M 6.44%
Small 21M 8.17%
Distilled-Large 21M 7.57%
Pretrained-Large 150M 1.38%
Distilled-Pretrained-Large 21M 5.68%

4.2.2.  Ablation experiment

Table 2 summarizes the results of the ablation experiments
utilizing various loss functions and strategies. The "Id" column
corresponds to the experiment identifier. A ratio of 1:0.2
between the RNN-T and CTC losses is used for Lossiara. The
"Dynamic-Scale" indicates the application of the multi-loss
fusion method. "Share-DJ" denotes the student model shares
teacher model’s decoder and joiner. In the table, "yes" denotes
the corresponding strategy was applied, and "no" for not. The
evaluation results are reported using the CER on test set of
Aishell-1.

Table 2: Results of ablation experiments in CER

Id  LosShara  LoSSiogis  LOSSfea DySncz;rlr;ic- Share-DJ Test-CER
1 yes no no no no 8.17%
2 no yes no no no 6.28%
3 no yes no no yes 6.08%
4 yes yes no yes yes 5.93%
5 yes yes yes no yes 8.16%
6 yes yes yes yes yes 5.68%

Using model of Experiment 1 as baseline, Fig. 3 visualizes
the results of Table 2 from the perspective of relative CER
reduction, making it easier to observe the performance
differences among models with various strategy combinations.
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Figure 3: Relative CER reduction of models in ablation
experiment using the model of Experiment 1 as baseline.

As can be seen from Table 2 and Fig.3:

(1) The comparison between Experiment 2 and Experiment
1 demonstrates that the sharing pruning boundary in distillation
can significantly improve the generalization performance of the
student model.

(2) In Experiment 2, the student model initializes its
decoder and joiner modules randomly. Comparing with
Experiment 2, Experiment 3 reveals that sharing the large
model’s decoder and joiner can further improve performance of
the student model.

(3) Experiment 4 employs a two-stage loss fusion with a
step ratio of 0.9:0.1. In the first stage, the weight ratio between
the distillation prediction distribution loss and the hard-label
loss is 0.2:1, and in the second stage, the ratio is 1:0.5.
Experiment 6 extends the fusion to three stages with a step ratio
of 0.1:0.8:0.1. The weight ratios for distillation feature loss,
distillation prediction distribution loss, and hard-label loss are
1:0.5:2 in the first stage, 0.2:1:0.2 in the second, and 0.1:0.5:1
in the third. Comparing Experiment 4 with Experiment 6, it can
be seen that multi-frame-rate feature loss can bring a substantial
improvement in model performance.

(4) The comparison between Experiment 5 and Experiment
6 underscores the effectiveness of stage-wise dynamic loss
fusion.

Finally, result of Experiment 6 is the best, which proves all
strategies in the proposed method are effective and necessary.

4.2.3.  Experiment of generalization ability

Dataset THCH30 and TestNet belong to distinct domains and
differ from the Aishell dataset both in acquisition method and
content. These two datasets are used to evaluate the
generalization ability of speech recognition models on out-of-
domain dataset.

The experimental results showed in Table 3 demonstrate
that, the model distilled by the scheme proposed in this study
exhibit significant improvements in generalization across two
datasets. Compared to the small model trained directly, the CER
on the THCH30-test is 22.92%, reflecting a CER reduction of
23.47%, while the CER on the TestNet is 47.29%, showing a
reduction of 9.42%.

Table 3: Results on out-of-domain dataset in CER

Model THCH30-test  Testnet
Small 29.95% 52.21%
Distilled-Pretrained-Large  22.92% 47.29%

5. Conclusions

This paper proposed a distillation method for pruned RNN-T
model for streaming speech recognition, which can effectively
distill the knowledge of large model into small model.
Compared with the directly trained small models, the small
models distilled from large model have better performance in
the target domain and stronger generalization ability in other
domains, proving the effectiveness of the distillation method in
this paper and that distillation from large models of RNN-T
architecture is still important.
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