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Abstract

In the realm of speech processing, Self-Supervised Learning
(SSL) models such as HuBERT are widely used in various
speech tasks such as Automatic Speech Recognition (ASR) and
Spoken Language Understanding (SLU), and have achieved im-
pressive results. However, these speech SSL models are often
large and require significant computational resources. Many
previous studies have used Knowledge Distillation (KD) to
learn compact models from complex models. Ensemble Knowl-
edge Distillation (EKD) transfers multiple SSL models into a
single student model via multiple prediction heads. We focus
on the differences among teacher models and use them as resid-
uals in student model learning to achieve additional learning
goals. Residual Prediction Heads and Residual Regularization
are proposed. Combining RobustHuBERT with WavLM+ or
Data2vec-base as teachers, we evaluate the resulting student
models on 6 tasks in the SUPERB benchmark. The results show
that taking residuals into account improves performance.
Index Terms: Self-Supervised Learning, Knowledge Distilla-
tion, Spoken Language Understanding, Emotion Recognition

1. Introduction

In recent years, the concept of foundation models, starting
with BERT [1], has profoundly influenced problem-solving ap-
proaches. The key advantage of foundation models lies in their
utilization of large amounts of unlabeled data for training the
model through Self-Supervised Learning (SSL), referred to as
pre-training or the upstream task. The parameters are then fine-
tuned in so-called downstream tasks, constituting the second
step of training. Foundation models have demonstrated their
versatility across multiple tasks, including good performance
on benchmarks such as the GLUE benchmark [2] and Read-
ing Comprehension Question Answering in the Natural Lan-
guage Processing (NLP) domain. Leveraging the success ob-
served in NLP, speech processing has also adopted foundation
models to address tasks within Spoken Language Understand-
ing (SLU) [3], such as Sentiment Analysis (SA) [4], Automatic
Speech Recognition (ASR) [5], and Spoken Question Answer-
ing (SQA) [6].

Despite the effectiveness of foundation models in various
application tasks, their reliance on the transformer-based ar-
chitecture [7] involving self-attention computation poses chal-
lenges due to the O(N?) complexity, where N is the encod-
ing sequence length. Additionally, original SSL models often
comprise numerous layers. DistilBERT [8] addresses this is-
sue by employing Knowledge Distillation (KD) [9] to compress
the BERT model into a smaller version while retaining the lan-
guage understanding ability. Building upon this concept, Distil-
HuBERT [10] compresses the HUBERT model [11] to 2 trans-
former layers instead of the original 12 transformer layers.

Inspired by the idea of combining multiple teacher models
to enhance the performance of distilled models in ASR [12],
Ensemble Knowledge Distillation (EKD) [13] takes a similar
approach to combine 3 speech SSL models to improve Distil-
HuBERT. Based on EKD, we believe that learning the differ-
ences of multiple teacher models may improve performance in
downstream speech tasks. We employ two approaches, namely
Residual Prediction Heads and Residual Regularization, to en-
hance the EKD speech model. Our improvements are demon-
strated on 3 teacher SSL models (WavLM+ [14], Data2vec-
base [15], and RobustHuBERT [16]) on the SUPERB bench-
mark [17].

Our contributions are:

1. We introduce Residual Learning into EKD by leverag-
ing the residual values of different teacher SSL models
and demonstrate performance improvements on the SU-
PERB benchmark.

2. We apply KD to Data2vec-base, which has not been done
in previous work.

In this study, we only applied EKD to combinations of two of
the three teacher models. We plan to study the combination of
all three models and their combinations with other speech SSL
models in future research.

2. Related work

Based on the success of SSL language models such as BERT-
like models [18, 19], speech SSL models have been intro-
duced in the field of speech processing. wav2vec [20], one
of the pioneers of speech SSL models, and its extended ver-
sions wav2vec2 [21], W2V-BERT [22], and vg-wav2vec [23]
are widely used in speech processing research. Building upon
the concept of wav2vec, HuBERT introduces multi-stage quan-
tization as the target of masking learning. WavLM further en-
hances performance by incorporating data augmentation such
as noise addition and modified position bias, resulting in state-
of-the-art results on many tasks in the SUPERB benchmark.

Considering that the large number of parameters of speech
SSL models leads to increased computational costs, several
techniques have emerged to compress the model size while
retaining the knowledge capacity. Modeling after ALBERT
[24], which utilizes weight-sharing and factorization to revamp
BERT to save computing resources, Audio ALBERT [25] is
also introduced. In addition, DPHuBERT [26] utilizes joint dis-
tillation and pruning techniques to reduce model size, while
DistilHuBERT employs KD techniques to address this chal-
lenge.

In the domain of text processing, EKD from multiple
teacher models have demonstrated superior performance com-
pared to KD from single teacher models in certain tasks [27, 28,



29]. EKD from multiple speech SSL models has also shown
success on some hidden sets in SUPERB. Inspired by the resid-
ual utilization in Vector Quantization (VQ) [30, 31], we adopt
the residuals as learning targets in addition to the teachers’ layer
outputs. Building upon EKD, we integrate residual prediction
into the KD learning step to further enhance performance.
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Figure 1: Ensemble knowledge distillation.

3. Methodology

3.1. Knowledge distillation

In the KD process of DistilHuBERT, the representations of the
4th, 8th, and 12th layers of the HuBERT Base model are uti-
lized as the targets provided by the teacher model. L1 and co-
sine similarity losses are employed to enable DistilHuBERT’s
main model (only two transformer encoder layers) and three ad-
ditional prediction heads to learn the targets. The loss function
for KD of DistilHuBERT is

KD h%) =5 3 KDuyer(h.15), ()
1€{4,8,12}

where h denotes the sequence representation, ¢ is the layer in-
dex, and T" and S respectively indicate the student model and
the teacher model, and K Djayer(hY, h7) is formulated as

K Diayer (BT, 83) = ||hF = h¥ |1 —log o(cossim(hT , hY)),

@)
where cossim denotes the cosine similarity, and o denotes the
sigmoid function. The same KD process can also be applied

to RobustHuBERT, WavLM+ and Data2vec-base to obtain the
corresponding compressed models.

3.2. Ensemble knowledge distillation

The EKD process proposed in [13] to enhance DistilHUBERT
by combining multiple teacher models is shown in Figure 1.
The loss function is

EKD(h",h%) = Z KD(hT™ h5m), 3)

m=1

where m is the teacher index, and M is the number of teachers.

In [13], the authors tried a variety of KD methods, includ-
ing using a single set of prediction heads to correspond to the
average or concatenation of each layer of multiple teachers, and
using multiple sets of prediction heads to correspond to each
layer of each teacher (see Figure 1). The approach utilizing
multiple sets of prediction heads produced the best results.

3.3. Residual ensemble knowledge distillation

In this work, we present an enhancement rooted in the EKD
method. In the KD stage of the upstream model, we advocate
a technique that takes into account the information differences
among teacher models. Termed Residual Ensemble Knowledge
Distillation, we introduce two methods in it: Residual Predic-
tion Heads and Residual Regularization.

3.3.1. Residual prediction heads

As shown in Figure 2(a), we use an additional set of prediction
heads designed specifically to predict the difference values be-
tween the target layers of two teachers. This enables the model
to discern differences between SSL models, thereby enhancing
the efficacy of the distiller in the ensemble configuration. In the
case of multiple teachers, the loss function is

REKDRp(hT hS) = EKD(h" 1%

72 Z KD([h™ —h

m=1n=1,n#m

4
o) ps),

)

where Sy, denotes the set of residual prediction heads corre-
sponding to the pair of teacher n and teacher m.

3.3.2. Residual regularization

As shown in Figure 2(b), we use the difference values between
the two teachers as regularization terms for the two sets of pre-
diction heads in the student model corresponding to the two
teachers. In the case of multiple teachers, the loss function is

REKDgrr(h",h®) = EKD(h" ,h®) + Reg,  (5)

where Reg is calculated as

M
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4. Experimental setup
4.1. SUPERB benchmark

We conduct experiments on the Speech processing Universal
PERformance Benchmark (SUPERB). Specifically, we focus
on 6 sub-tasks in this benchmark: Phone Recognition (PR), Slot
Filling (SF), Emotion Recognition (ER), Intent Classification
(IC), Keyword Spotting (KS), and Low resource ASR (10 hours
of training).

4.1.1. Intent classification, keyword spotting, and emotion
recognition

The IC, KS, and ER tasks are classified as audio sequence clas-
sification tasks in SUPERB.

There are two datasets for SUPERB’s KS and IC tasks:
Speech Commands [32] and Fluent Speech Commands [33].
The Speech Commands dataset focuses on classifying single
spoken words with background noise, while the Fluent Speech
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Figure 2: Residual ensemble knowledge distillation.

Command dataset involves a three-fold intent-classification task
designed for smart home applications, including sub-tasks re-
lated to Location, Object, and Action. Both tasks are evaluated
in terms of accuracy.

For the ER task in SUPERB, we use the IEMOCAP
dataset [34], which includes audio data and corresponding face
videos. However, only audio is considered for evaluation in SU-
PERB. The IEMOCAP dataset comprises 5 sessions, each with
its own training and test sets. Performance is evaluated based
on the average accuracy over 5 sessions.

4.1.2. Slot filling, phone recognition, and ASR

The SF, PR and ASR tasks are categorized as sequence genera-
tion tasks in SUPERB.

The dataset for the SF task is an audio adaptation of the
text-based Snips dataset [35, 36], known as Audio Snips. For
the Audio Snips SF task, a sequence-to-sequence generation
method is used to convert speech sequences into text sequences
and identify slot types and entity words. Metrics such as slot-
type-F1 score and slot-value-CER are used to evaluate model
performance.

The dataset for the PR task comes from Librispeech [37],
specifically the 100 hours of Librispeech-clean. Phoneme labels
are generated from Ground Truth text and G2P conversion. The
PR task is a simplified task of ASR that focuses on recognizing
phone-level symbols and is evaluated using the phone error rate
(PER).

The dataset for the low resource ASR task is Libri-light 10
hours [38], derived from the LibriVox ! project. It includes a
10-hour training set, as well as development and test sets from
Librispeech. The task is evaluated in terms of word error rate
(WER) and character error rate (CER) under clean and other
test conditions.

4.2. Teacher models

Base on the results of [13], we also select RobustHuBERT as
one of the teacher models. In this study, we combine RobustHu-
BERT with WavLM+ or Data2vec-base.

RobustHuBERT is an enhanced version of HuBERT imple-
mented by integrating Domain-Adaptive Pre-Training (DAPT)

Uhttps://librivox.org

into the HuBERT-base model. Training data from Librispeech
is augmented with noise distortion, pitch-shift, reverberation,
and band-rejection techniques.

WavLM+ is the leading variant on the SUPERB leader-
board among various WavLM models. It is very similar in struc-
ture to HuBERT, but incorporates gated-relative position bias in
the transformer-based model and employs noise data augmen-
tation.

Data2vec-base is a versatile model that integrates text, im-
age, and audio modalities. During audio version pre-training,
audio frame spans are masked, and predictions are made ac-
cordingly.

4.3. Training details

We follow the evaluation procedure outlined in s3prl® to fix the
SSL model while training the downstream task model. For the
ASR task, we adjust the training steps to 50,000. We adopt the
DistilHuBERT recipe from s3prl to the KD of upstream mod-
els, setting the batch size to 16 and training for 300,000 steps
with a learning rate of 2e-4. Each distillation model is trained
individually on a single NVIDIA-RTX-3090 GPU, taking ap-
proximately 60 hours to complete.

5. Results

The performance of different distillation models evaluated on 6
tasks of SUPERB is shown in Table 1. HB refers to DistillHu-
BERT [10], while DV, WL, and RHB refer to distillation models
from Data2vec-base, WavLM+, and RobustHuBERT, respec-
tively, using the same KD technique as DistillHuBERT. For HB,
the results are from the SUPERB leaderboard. WL-RHB de-
notes the model distilled from WavLM+ and RobustHuBERT,
while DV-RHB denotes the model distilled from Data2vec-base
and RobustHuBERT. The WL-RHB and DV-RHB models with-
out subscripts means that they are trained through the ensem-
ble knowledge distillation method proposed in [13]. The WL-
RHB and DV-RHB models with RP subscript imply the use of
Residual Prediction Heads in the proposed residual ensemble
knowledge distillation method, while the models with RR sub-
script imply the use of Residual Regularization in the proposed

2Recipes  for  upstream and  downstream  are  in
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Table 1: Performance of different distillation models evaluated on 6 tasks of SUPERB. 1 indicates that higher values are better, while
J indicates that lower values are better. The best performance in each task is shown in red. If our proposed model outperforms the
corresponding baseline distillation model from multiple teachers, the performance will be highlighted in gray. If our proposed model
outperforms the corresponding baseline distillation model from a single teacher, the performance is shown in bold.

IC KS ER SF PR ASR
clean other

Acc (1) [ Acc (D) [ Acc (D) | FI (D) [ CER(}) | PER({) | WER({) | CER({) | WER({) | CER(})
HB 94.99 95.98 63.02 82.57 | 35.59 16.27 - - - -
DV 93.62 95.75 62.75 85.30 | 31.17 10.79 21.56 6.97 41.36 16.62
WL 95.89 96.72 63.61 83.48 | 33.96 13.49 25.91 8.19 45.38 17.61
RHB 94.41 96.27 63.41 83.42 | 33.51 12.89 25.83 8.27 45.67 17.93
WL-RHB 94.36 96.27 63.91 83.81 32.07 12.47 24.17 7.72 43.38 1691
WL-RHBgrp | 9541 96.62 62.78 83.85 | 32.19 12.15 24.07 7.68 42.89 16.66
WL-RHBrr | 9541 96.11 62.91 82.08 | 34.08 12.35 2491 7.91 44.10 17.21
DV-RHB 9391 96.11 64.35 85.47 | 31.37 10.87 21.85 6.97 40.48 1591
DV-RHBgp 94.91 96.07 63.78 85.92 | 30.75 10.76 21.90 6.96 42.21 16.51
DV-RHBrr | 94.07 95.78 62.65 84.69 | 31.70 11.66 22.95 7.31 42.34 16.63

residual ensemble knowledge distillation method. All distilla-
tion models have the same structure and 23 million parameters.

5.1. Single teacher knowledge distillation baselines

From the upper half of Table 1, it is worth noting that distilled
WavLM+ (WL) outperforms distilled RobustHuBERT (RHB)
and distilled Data2vec-base (DV) in the three sequence classifi-
cation tasks of IC, KS, and ER. However, in the three sequence
generation tasks of SF, PR, and ASR, DV performs best among
the four single-teacher distillation models.

5.2. Multiple teachers knowledge distillation baselines

From Table 1, we can see that both WL-RHB and DV-RHB do
not always outperform their corresponding single-teacher dis-
tillation models. Furthermore, DV-RHB outperforms WL-RHB
in the ER task and three sequence generation tasks of SF, PR,
and ASR. The results show that the complementarity between
Data2vec-base and RobustHuBERT is higher than that between
WavLM+ and RobustHuBERT.

5.3. Multiple teachers knowledge distillation with residuals

From Table 1 we can see that WL-RHBrp outperforms WL-
RHB on 8 out of 10 evaluation metrics on 6 tasks. But WL-
RHBRRr performs worse than WL-RHB in most cases. Com-
pared with WL and RHB, WL-RHB g p outperforms both in the
three sequence generation tasks of SF, PR, and ASR, but WL-
RHB g r only outperforms both in the two tasks of PR and ASR.
The results demonstrate the effectiveness of using Residual Pre-
diction Heads in the proposed residual ensemble knowledge dis-
tillation method.

When using Data2vec-base and RobustHuBERT as teacher
models, DV-RHB rp outperforms DV-RHB in 3 out of 6 tasks
(i.e., IC, SF, and PR). DV-RHB rp and DV-RHB perform com-
parably. But DV-RHB rr only outperforms DV-RHB in the IC
task. DV-RHB rr performs worse than DV-RHB. Furthermore,
compared with DV and RHB, DV-RHBRrp outperforms both
on 7 out of 10 evaluation metrics on 6 tasks. The results again
verify the effectiveness of using Residual Prediction Heads in
the proposed residual ensemble knowledge distillation method.
The results also imply that DV-RHB g p is particularly useful in
relatively resource-rich tasks such as IC, SF, and PR.

5.4. Discussion about DV-RHB on ASR

We observe a significant performance gap between the single-
teacher distillation models DV and RHB on the ASR task (e.g.,
under the clean test condition, their WERs are 21.56% and
25.83%, respectively). This may be why DV-RHB rp performs
worse than DV on this task. Therefore, the process of ensem-
ble knowledge distillation may require modifications, such as
implementing weighting mechanisms for teachers. This will be
included in our future work.

6. Conclusion

In this study, we have improved the ensemble knowledge distil-
lation of multiple teacher models. By leveraging multiple pre-
diction heads, we propose utilizing residuals between teachers
as learning targets during knowledge distillation. This enables
the student model to learn differences among teachers, thereby
extending its capabilities. We implemented this approach across
6 SUPERB tasks and achieved improvements. In our future
work, we plan to explore more combinations of speech SSL
models and evaluate their performance on classic speech tasks
such as rich-resource ASR and Speech Translation. We antici-
pate that the introduction of residuals will open up new avenues
for knowledge distillation in the field of speech processing.
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