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Abstract
The ability to learn new concepts sequentially is a major weak-
ness for modern neural networks, which hinders their use in
non-stationary environments. Their propensity to fit the current
data distribution to the detriment of the past acquired knowl-
edge leads to the catastrophic forgetting issue. In this work
we tackle the problem of Spoken Language Understanding ap-
plied to a continual learning setting. We first define a class-
incremental scenario for the SLURP dataset. Then, we propose
three knowledge distillation (KD) approaches to mitigate for-
getting for a sequence-to-sequence transformer model: the first
KD method is applied to the encoder output (audio-KD), and
the other two work on the decoder output, either directly on the
token-level (tok-KD) or on the sequence-level (seq-KD) distri-
butions. We show that the seq-KD substantially improves all
the performance metrics, and its combination with the audio-
KD further decreases the average WER and enhances the entity
prediction metric.
Index Terms: continual learning, spoken language understand-
ing, knowledge distillation, transformer

1. Introduction
Spoken Language Understanding (SLU) is an essential compo-
nent of any system that interacts with humans through speech,
such as voice assistants and smart home devices [1]. It is in
charge of extrapolating the salient information from a spoken
utterance so that proper actions can be taken to satisfy the user’s
requests. We can individuate two relevant tasks for SLU [2]: 1)
Intent Classification, where we map the sentence to its corre-
sponding intent, and 2) Entity Classification, or Slot Filling,
by which we fill some fields of pre-defined semantic forms
with content. Traditional SLU systems [3] employ a cascade
of an automatic speech recognition (ASR) module followed by
a natural language understanding module. Recently, end-to-end
(E2E) strategies have garnered much attention [4, 5] because
they directly output semantic information from the audio, there-
fore reducing the impact of error propagation.

Most of the previous works on SLU have focused on the
mainstream i.i.d. setting in which the entire dataset is available
at once to the model [6, 7]. However, this is in stark contrast
with practical scenarios where models incur severe shifts in the
data distribution or need to adapt to new domains without re-
training from scratch. In such conditions, deep models tend to
disrupt previous knowledge in favor of the fresh task, leading
to catastrophic forgetting [8]. This issue is tackled by the field
of Continual Learning (CL) which endeavors to adapt a single
model to learn a sequence of tasks such that the model performs
properly both on new and prior tasks [9]. Recently, multiple CL
methods have been proposed, based on three main strategies
[10, 11]: rehearsal-based methods abate forgetting by retaining
a portion of the old data [12]; regularization-based approaches
preserve the weights’ importance through ad-hoc regularization
loss terms [13, 14], and architectural methods modify the archi-

tecture of the model over time [15, 16].
Recently, the challenging SLURP dataset [17] has been

released to address complex E2E SLU problems. In this pa-
per, we propose to combine CL and SLU by defining a Class-
Incremental Learning (CIL) setting for SLURP. Since each
SLURP utterance is characterized by a domain scenario, we
split the dataset into several tasks using the scenarios as a split-
ting criterion. Due to its lexical richness, the problems of intent
and entity classification for SLURP are treated as a sequence-to-
sequence (seq2seq) problem, where the intents and entities are
generated along with the transcriptions. So, unlike the main-
stream CL architecture composed of a feature extractor and a
classifier, we exploit a transformer-based seq2seq architecture,
whose decoder is also affected by forgetting as the encoder.

Our proposed approach combines rehearsal with regular-
ization via knowledge distillation (KD) to combat forgetting at
both the encoder and decoder levels. We investigate three KD
approaches: one is applied to the encoder’s output (audio-KD),
whereas the other two distill the knowledge at the decoder side,
either at a local (token-KD) or global (seq-KD) level. We show
that the seq-KD stands out as the best approach, and we conduct
a study where we integrate multiple KDs at once.

Our contributions can be summarized as follows: 1) We
define a CIL scenario for the SLURP dataset, 2) we study how to
moderate forgetting in a seq2seq model, thus moving away from
the classical CL pipeline, and 3) we propose three KDs losses
that effectively reduce forgetting and discuss their individual
and combined contributions.

2. Related work
KD is a popular technique for model compression that allows
transferring knowledge from a large, strong network, coined
teacher, to a considerably smaller network, the student [18, 19].
Besides the computer vision field, KD has also proved effective
in NLP and speech-related tasks, where the student model mim-
ics the teacher’s distribution at a frame level. [20] and [21], for
neural machine translation and CTC-based ASR, respectively,
propose to apply the KD at a sequence level such that the student
matches the probability distribution of the teacher’s sequence
obtained running beam search. More recently, [22] advance an
attention distillation method to transfer knowledge from a large
transformer-based teacher by aligning its attention maps with
those of the student through a Kullback-Leibler divergence loss.

The KD concept has also been exploited in CL. In this case,
the teacher is the model trained in the previous tasks, whereas
the student needs to be trained in the current task [13]. The goal
now is to transfer the knowledge of the old classes to the student
model, which has no longer access to data related to them. In
addition to the KD-based strategy, other kinds of CL strategies
have been proposed in the speech domain. [23] adapts the Gra-
dient Episodic Memory method [12] to an online scenario for
ASR. [24] explores the use of the prompt-learning paradigm for
class-incremental event detection. [25] studies the use of self-
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supervised (SS) methods for continual representation learning
for sound event classification, showing that SS learning is more
resilient to forgetting than the supervised counterpart.

To the best of our knowledge, we are the first to explore how
to attenuate forgetting in a seq2seq model for joint ASR/SLU.
We define a CIL setting over the SLURP dataset, and we investi-
gate the use of different KD methods applied to the encoder and
decoder side. Our empirical evaluation shows the superiority of
the sequence-level KD, and we elaborate on the entanglement
between various KD combinations.

3. Class-Incremental learning for SLURP

User: "I like jazz."
Scenario: music
Action: likeness
Entity tags and lexical fillers:
[music_genre: jazz]

Figure 1: Example of annotated utterance from the SLURP
dataset. The intent in this case is the couple (music,likeness).

In this section, we describe how we have defined the CIL
setting for the SLURP dataset [17]. SLURP is a multi-domain
dataset for E2E SLU comprising around 56 hours of audio of
people interacting with a home assistant (slurp real), with the
addition of 43.5 hours of synthetic recordings (slurp synth). At
present this makes SLURP the biggest and the most diverse
dataset in terms of lexical complexity for SLU. Each utterance
is annotated with three semantics: Scenario, Action, and En-
tities. The pair (scenario, action) is defined as Intent. Overall,
there are 18 unique scenarios, 46 actions (56 if we consider both
slurp real and slurp synth), 55 entity types, and 69 intents. Fig-
ure 1 provides an example of an annotated utterance.

We have used the scenarios as a splitting criterion to de-
fine the tasks of the CIL setting. The complete list of scenar-
ios is: [“alarm”, “audio”, “calendar”, “cooking”, “datetime”,
“email”, “general”, “iot”, “lists”, “music”, “news”, “play”,
“qa”, “recommendation”, “social”, “takeaway”, “transport”,
“weather”]. Since the number of scenarios is limited and each
scenario provides a high-level concept associated with each ut-
terance, we think that they can closely resemble a practical ap-
plication that must adapt to new general domains. Additionally,
since the intent classification is the chief metric to assess our
model against, the use of scenarios as splitting criterion abides
by the rule of having only intents related to scenarios available
in the current task. Finally, although some actions and enti-
ties can be included in multiple scenarios, the overlap is very
limited because the majority of the entities and actions are spe-
cific to a single scenario. For example, the action “taxi” is
only associated with the scenario “transport”, and the entity
“weather descriptor” with the scenario “weather”. Figure 2
shows two consecutive tasks, each introducing 3 new scenarios.

Another critical aspect is the order in which the scenarios
are available to the model. In our implementation, the order
depends on the cardinality so that the scenarios with the high-
est cardinality appear first. In this way, we simulate a practical
situation in which we endow the model with the sufficient gen-
eral knowledge, learning the largest scenarios first, that will be
useful for learning more specific scenarios.

4. Proposed approach
As discussed in the previous section, we consider a CIL setting
in which we want to adapt a single model to perform well on
all seen tasks. Specifically, the training dataset is divided into
T distinct tasks, D = {D0, . . . ,DT−1}, based on the scenario

Task 1

.

.

.

x,y:                                

Scenario:   alarm          calendar   transport       
 

[Avg Acc, Avg WER,
SLU F1...]

Task 2

x,y:                                 

Scenario:   weather      news        music       
 

[Avg Acc, Avg WER,
SLU F1...]

Figure 2: The class-incremental learning setting for the SLURP
dataset, where 3 new scenarios are introduced in each task.

labels, so that a scenario is included in one and only one task.
The dataset Dt of the tth task comprises audio signals Xt with
associated transcriptions Yt, i.e. Dt = (Xt,Yt). CIL setting is
challenging as the model must be able to distinguish all classes
till task t, thus at test time the task labels are not accessible
(unlike task-incremental learning) [26].

We employ a transformer-based seq2seq ASR architecture,
constituted by a Wav2vec 2.0 encoder (WavEnc) [27] followed
by a transformer decoder. Let x = [x1, . . . , xI ] be an audio
input sequence of length I , and y = [y1, . . . , yJ ] be the cor-
responding output sequence of length J , with yj ∈ V , where
V is the set of all possible output subword tokens. The goal of
the ASR model is to find the most probable output sequence ŷ
given the input sequence x:

ŷ = argmax
y∈Y∗

p(y|x; θ), (1)

where Y∗ is the set of all possible token sequences and θ repre-
sents the parameters of the seq2seq model.

Suppose that p(y|x; θt) and p(y|x; θt−1) are the output
probability distributions of the transformer decoder at task t and
t− 1 parameterized by θt and θt−1, respectively. The model at
task t− 1 can be seen as the teacher model. Let also Rt be the
set of rehearsal data at the beginning of task t. In the following
equations, we use x ∈ Dt in place of (x, y) ∈ Dt for brevity.
The standard training criterion of rehearsal-based CL methods
consists of minimizing the cross-entropy loss over Dt ∪Rt:

Lt
CE = −

∑

x∈Dt∪Rt

log(p(y|x; θt)). (2)

The main idea of KD is to transfer knowledge from the
teacher network p(y|x; θt−1) to a student model, such that the
latter mimics the former’s behavior. Basically, the KD is used
to force the current model to not deviate too much from the
teacher, which retains the knowledge of the previous tasks. We
point out that the KD, unless otherwise stated, is applied to the
sole rehearsal data since the teacher can effectively predict only
the data seen in the previous tasks. We propose three different
types of KDs: audio-KD, token-KD, and seq-KD. The audio-
KD works at the encoder’s output level, whereas the other two
KDs are applied to the output of the decoder. In this way, we
contrast forgetting either at the encoder or at the decoder side
(or both, if we combine multiple KDs).

The audio-KD forces the encoder’s audio embeddings of
the current task t to resemble those from the previous task t−1.
Let WavEnc(x) ∈ Rh be the Wav2vec 2.0 encoder output fol-
lowed by a mean operation to squeeze the temporal dimension,
where h is the hidden size. We define the audio-KD loss as:

Lt
audio-KD =

∑

x∈Rt

∥WavEncθt−1(x)− WavEncθt(x)∥2, (3)
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where ∥ · ∥ is the Euclidean distance operator. Eq. 3 acts as a
regularization term for the encoder.

We can apply such similar reasoning to the decoder, which
predicts each word of the transcription in an autoregressive way
(in our case we use Byte-Pair Encoding [28], so we will use the
term token rather than word to refer to the output units). The
token-KD forces the current decoder to match the token-level
distribution of the teacher. This is a kind of “local” distillation
in that the student mimics the teacher for each token of the tran-
scription. The corresponding CE criterion is defined as:

Lt
tok-KD = −

∑

x∈Rt

J∑

j=1

p(yj |x, y<j ; θt−1) log(p(yj |x, y<j ; θt),

(4)
where y<j is the output sequence up to token j-1.

A potential flaw of this method is that if some initial token
distributions are poorly estimated, their bias will be propagated
until the end of the sequence. Indeed, a predicted token might
be optimal at the current position in the sequence, but as we
proceed through the rest of the sentence, it might turn out not to
be the optimal one, given that later predicted positions are not
already available.

Seq-KD is an alternative approach that trains the student to
generate the same output sequence as the teacher, thus working
at the sequence level. In practice, we generate a new set of auto-
matic transcriptions with the teacher model using beam search
at the end of each task (“soft transcriptions”), and then we use
them to train the student network with CE criterion in the next
task. Formally, we add the following CE loss:

Lt
seq-KD = −

∑

x∈Rt

log(p(ỹ|x; θt)), (5)

where ỹ is the output sequence generated with beam search us-
ing the teacher model.

Overall, the total loss to be optimized at task t is:

Lt
TOT = (1− λKD)Lt

CE +
∑

k∈K
λKDLt

k, (6)

where K = {audio-KD, tok-KD, seq-KD} and λKD is a weight-
ing parameter. Depending on whether we employ a single KD
or multiple ones, Eq. 6 changes accordingly. Figure 3 shows the
learning process with the three KD losses applied to the trans-
former architecture.

Rehearsal
waveform/

transcription

Conv enc layer

Input waveform

Conv enc layer

. .
 .7x

Transformer enc layer

. .
 .

Transformer enc layer

12x

Wav2vec 2.0
Student 
Encoder

Encoder
output

Teacher networkAUDIO-KD
loss

True/teacher
Transcription

Text embedding

Transformer dec layer

. .
 .

Transformer dec layer

6x
Transformer

Student
Decoder

FC layer

CE loss

TOKEN/SEQ-KD
loss

 Finetuned
 Frozen     

. . . BPE logits

True
Transcription

Figure 3: Illustration of the learning process in the proposed
CIL setting. The model from the current task (student) mimics
the behavior of the teacher model through audio, token, and
sequence KD losses to counter forgetting.

5. Experiments
5.1. Experimental settings

Dataset and CIL setting. We conduct experiments on the
SLURP dataset [17] (see section 3) using the official train, val-
idation, and test splits, with a ratio of 70:10:20. In all exper-
iments we also use slurp synth only for training. Since very
long audio data are harmful for efficient training, we remove
the training samples longer than 7 seconds (around 0.004% of
the total training dataset).

Concerning the definition of the CIL setting, we experi-
ment on two configurations: 1) the dataset is partitioned into
3 tasks, each comprising 6 scenarios (denoted as SLURP-3); 2)
a more challenging configuration wherein the 18 scenarios are
distributed across 6 tasks (denoted as SLURP-6).

Pre-processing and model configurations. As proposed
in [29], the intent and entity classification problems are treated
as a sequence-to-sequence ASR task, where both intent and en-
tities associated with an utterance are predicted alongside its
transcription. In a sense, we build an “augmented” transcription
that will be fed to the transformer decoder, prepending the in-
tent to the original transcription, followed by the entities and the
corresponding lexical values. The special token SEP is used to
separate the intent from the entities and the entities from the
original transcription, whereas the token FILL is used to sep-
arate each entity from its value. If the original transcription is
the one in Fig. 1, then the augmented transcription becomes:
music likeness SEP music genre FILL jazz SEP I like jazz.

Model. The encoder is the base Wav2vec 2.0 model pre-
trained and fine-tuned on 960 hours of Librispeech (a CNN-
based feature extractor followed by 12 transformer blocks with
hidden size = 768, 8 attention heads, 2048 FFN hidden states).
The feature extractor is kept frozen during the training, whereas
the transformer blocks are fine-tuned. Then, the transformer de-
coder includes 6 layers with the same parameters as the encoder.
We apply layer normalization to the input raw waveforms. The
total number of parameters of the model is around 148M.

Training. We tokenize the transcriptions using Byte-Pair
Encoding (BPE) [28], with a vocabulary size of 1k and BPE
dropout = 0.1. Both at inference time and for computing the
soft labels for the KD-seq we run beam search with beam width
= 20. The number of epochs for each task is {40,25,15} for
SLURP-3, whereas {40,25,15,15,15,15} for SLURP-6. The
batch size is 32. We use AdamW optimizer with learning rate
= 5e−5 and weight decay = 0.1. We use the validation set for
hyperparameters tuning, and for selecting the best model for
each task that is used for testing. Each experiment took ap-
proximately 1 day and a half on a Tesla V100 and a day on an
Ampere A40. The code will be made public upon acceptance.

CL baselines and strategies. Our upper bound is the of-
fline method consisting of a single macro-task with all the sce-
narios (i.e. no incremental learning), while the naive fine-tuning
approach, which retrains the same model task by task, is our
lower bound. We consider two different sampling strategies for
the rehearsal approach: 1) a random selection of the samples to
retain, and 2) iCaRL [30], which selects the samples closest to
their moving barycenter. We provide an example with a mem-
ory buffer of size equal to around 5% of the training dataset, and
the rest of the experiments use 1%. Finally, we show the result
for each KD strategy, as well as their various combinations. The
KD weight in Eq. 6 is proportional to the fraction of rehearsal
data in the mini-batch and is defined as:

λKD =

√
brehe
ball

, (7)

where brehe is the number of rehearsal data in the current
mini-batch, and ball is the current mini-batch size. We refer the
reader to [31] for a detailed description of this weight’s choice.
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Table 1: Results in terms of Average Accuracy (↑), Last Accuracy (↑), Average WER (↓), and SLU F1 (↑) for different strategies.

SLURP-3 SLURP-6
Method —————————————– —————————————–

Avg Last Avg Avg Last Avg
Acc Acc WER SLU F1 Acc Acc WER SLU F1

Offline 85.84 - 20.46 70.59 85.84 - 20.46 70.59
Fine-tuning 46.27 18.36 35.82 49.25 33.56 12.42 46.26 37.88

Rehe-5% rand 79.79 74.82 25.79 65.85 77.12 73.11 28.87 63.22
Rehe-1% rand 71.30 61.47 29.13 60.05 66.11 59.37 34.77 55.33

Rehe-1% iCaRL 71.49 61.66 28.62 60.23 67.55 62.55 33.82 56.09
+ audio-KD 72.14 63.03 28.68 61.08 68.40 62.83 32.04 58.15
+ token-KD 71.79 61.54 28.82 61.88 68.36 62.53 32.47 58.20
+ seq-KD 76.12 68.94 28.56 61.50 71.56 64.82 32.50 58.29

Metrics. We evaluate the proposed methods using 4 met-
rics: the average intent accuracy, Avg Acc, after each task; the
intent accuracy after the last task Last Acc; the average SLU
F1 metric for entity classification [17]; the average word error
rate, Avg WER, after each task.

5.2. Results

The performance for both CIL settings, SLURP-3 and SLURP-
6, are reported in Table 1. First and foremost, we note that,
as expected, the fine-tuning approach struggles in both settings,
thus incurring catastrophic forgetting. The use of a rehearsal
memory (rows Rehe-5% and Rehe-1%) proves to be very ef-
fective, even with only 1% of retained data. Therefore, in
the following experiments we consider 1% of data in the re-
hearsal memory. We also experiment with a more sophisticated
sampling strategy, iCaRL [30], which achieves noteworthy im-
provements, in particular for SLURP-6 (+1.44% of Avg Acc).

When we focus on the proposed KDs, it is quite evident that
the seq-KD leads to the most substantial improvement for both
Avg and Last Acc metrics (+4.63% and +7.28% on SLURP-
3). Instead, for WER and SLU F1, all three KDs behave sim-
ilarly. Note that in our setting, previous intents are not seen
anymore, and indeed the KDs help the model remember past
scenarios. Conversely, though we expect the utterances to have
some scenario-specific words, general speech tokens are spread
among the tasks, making forgetting less critical for WER. Nev-
ertheless, for the more challenging SLURP-6, KDs bring a no-
table enhancement also in terms of WER and SLU F1.

0 1 2 3 4 5
Task

60

65

70

75

80

85

90

Ac
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iCaRL
audio-KD
tok-KD
seq-KD
audio-KD + seq-KD

Figure 4: The trend of the intent accuracy on the observed tasks
for the SLURP-6 setting.

Combination of multiple KDs. In this final section, we
investigate whether combining multiple KD approaches results
in additional improvement. We try to combine two KDs at a
time, and all three KDs together. The results for SLURP-6 are
reported in Table 2. As expected, the best combinations involve
the use of seq-KD. Indeed, when the seq-KD is not included
(audio + token), the results are even worse than using the KDs
individually. Instead, the best combination is given by audio
and seq KDs, the two approaches that yield the best improve-
ment if taken singularly. We guess that forcing the encoder out-
put of the current task to be similar to that of the previous task
(audio-KD) favors the cross-attention layer of the decoder to
attend to the most relevant part of the audio signals. We also
mention that using all three KDs leads to satisfactory results,
yet slightly worse than seq + audio. We think that, for this last
case, since four KDs are involved, the design of the KD weights
is more cumbersome, and more experiments are necessary.

Finally, in Figure 4 we show the trend of the intent accuracy
task by task for SLURP-6. We observe that the seq-KD outper-
forms both audio and token KDs by a large margin on all steps,
and its combination with the audio KD leads to the best results.

As a last analysis, we point out that the additional compu-
tational burden brought by the proposed KDs is limited for two
reasons: 1) the KD losses take into account only the rehearsal
samples, which are just a fraction of the entire dataset (i.e.,
1%); 2) they just involve an additional forward pass through
the teacher model, which is kept frozen during the current task.

Table 2: Analysis of different KD combinations on SLURP-6.

Combination Avg Last Avg
Acc Acc WER SLU F1

audio + token 68.13 61.50 32.46 57.30
audio + seq 72.48 65.25 31.37 60.00
seq + token 72.07 63.46 33.08 58.25

audio + seq + token 71.83 65.45 32.55 58.48

6. Conclusions
In this paper, we define a CIL setting for a challenging SLU
dataset, SLURP. To mitigate forgetting, we propose three dif-
ferent KD-based strategies working at different levels in the
seq2seq model. Our extensive experiments reveal the superior
performance of the seq-KD, and that combining multiple KDs
results in additional improvements. In future work we will fo-
cus on refining the seq-KD by exploiting multiple beam search
hypotheses with their corresponding scores, and we will carry
out more experiments to find the optimal weights as multiple
KDs are used.
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