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Abstract

The objective of incremental learning is to
adapt a pre-trained model towards a new do-
main with minimal degredation of its perfor-
mance on past domains and with the smallest re-
training cost. However, fine-tuning pre-trained
models on new data leads to catastrophic forget-
ting where the newly adapted models’ perfor-
mance degrades on past data. One promising
approach is to use adapter modules. In this
work we conduct the first extensive study on
catastrophic forgetting in an adapter module for
neural language models (LMs). We show that
adapters are more robust against catastrophic
forgetting (as much as 20.8% better perplexity)
and have better training speed (up to 43% more
samples processed per second) in contrast to
fine-tuning the whole model. We reduce the
catastrophic forgetting further by incorporat-
ing past data during fine-tuning and show that
the perplexity on past data improves by up to
79% with only 10% of past data included com-
pared to training the adapter on target domain
only. Additionally, we propose a new gating
mechanism to automatically turn the adapters
on/off depending on the input data, that reduces
the perplexity on past data to be on-par with
the model before adaptation. With this gating
mechanism, we almost recover the performance
on past data while sacrificing only a modest
amount of perplexity (=4%) on the new data.

1 Introduction

The ability to continually learn new knowledge is
crucial for humans to understand new concepts.
This is also important for machines faced with
stream of data so that they can continuously learn
and improve (Parisi et al., 2018). In a voice assis-
tant application, frequent adaptation of the statis-
tical language understanding system and it’s com-
ponents, such as an automatic speech recognition
(ASR) model, is essential to keep up with trend-
ing topics. In this work we investigate improving
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a neural language model with previously unseen
data, while limiting the degradation on past data.

A common adaptation approach in language
modeling is fine-tuning all model parameters on
the new domain data (Howard and Ruder, 2018;
Radford and Narasimhan, 2018). While being ef-
ficient, this approach comes with challenges and
limitations. First, adapting all model parameters
is time consuming and computationally expensive,
often incurring a cost comparable to training a new
model from scratch (Biesialska et al., 2020; De-
vlin et al., 2019; Brown et al., 2020; Radford and
Narasimhan, 2018; Radford et al., 2019). Second,
fine tuning often results in catastrophic forgetting,
where fine-tuned models forget what they have
learned on the past data in order to improve on
the new domain (McCloskey and Cohen, 1989;
Yogatama et al., 2019). This is undesired if the pur-
pose is to increase the model’s knowledge coverage
(Biesialska et al., 2020; Parisi et al., 2018; Delange
et al., 2021).

Adapters are proposed as an alternative to stan-
dard fine-tuning (Houlsby et al., 2019; Bapna and
Firat, 2019). This approach keeps the original
network unchanged, and trains additional layers
that are inserted into the network. By leverag-
ing adapters, one trains a much smaller number
of parameters compared to the standard fine-tuning,
making the process computationally less expen-
sive. It was also found that adapters are more
robust against catastrophic forgetting than fine-
tuning (Han et al.). Another interesting factor about
adapters is that it has perfect memory of past data
and past behavior can be recovered exactly by dis-
abling the adapter. However, this holds only if
we know the domain of the input data. In most
practical applications the input data distribution is
unknown, so turning the adapter off manually is
not practical and a domain classifier is needed.

In this work, we perform an extensive study on



using adapters for incremental learning of neural
language models efficiently and reducing the im-
pact of catastrophic forgetting. Specifically, our
contributions are the following:

* We demonstrate that we can increase training
speed (up to 43%) compared to fine-tuning by
using adapters.

* We show that adapters can achieve on-par or
better performance on past data while also
improving performance on new data.

* We show that adapters are more robust to
catastrophic forgetting than standard fine-
tuning (as much as 20.8%).

* We show that including past data during adap-
tation (as little as 10%) reduces catastrophic
forgetting up to 79%.

* We introduce a novel end-to-end gating tech-
nique to control the usage of adapter module
in the residual network. With this gating mech-
anism, we managed to reduce perplexity on
the past data by 7.4 - 39.3% while also im-
proving by 0.3 - 14.8% on the new data on top
of the mixing strategy. The goal of the gating
is to act as an automatic switch that decides
whether to use adapter for a given input.

2 Related Work

Pre-trained language models such as the work
of Devlin et al. (2019) has become the backbone of
many state-of-the-art natural language processing
(NLP) models. In transfer-learning, the language
model is first trained on a large size corpus that
covers broad domain and text varieties, and then
fine-tuned to a specific application (Howard and
Ruder, 2018).

Incremental learning refers to extending a
model’s knowledge by continuously training it on
new data (Thrun, 1998). Unfortunately, straight-
forward fine-tuning often results in catastrophic
forgetting (French, 1999), which causes the model
performance to degrade on past data. The simplest
way of avoiding forgetting is by freezing all pa-
rameters, using the pre-trained model as a feature
extractor, and fine-tuning only the prediction layer.
However, this leads to an inferior performance com-
pared to fine-tuning all parameters (Rosenfeld and
Tsotsos, 2018). There is recent work to mitigate
forgetting by incorporating past data to fine-tuning
(Zheng et al., 2021; Li et al., 2020) or by regu-
larizing using techniques such as Elastic Weight

Consolidation (Kirkpatrick et al., 2017).

Adapters were proposed by Houlsby et al.
(2019) as an alternative to fine-tuning. It is of-
ten assumed that an adapter has a perfect memory
as the original model’s parameters are unchanged.
Furthermore, adapters also improve the fine-tuning
speed by training significantly fewer parameters
than fine tuning. The most common setup is ap-
pending new adapter modules in between the lay-
ers of a pre-trained model. There are two different
adapter placements as proposed by Bapna and Fi-
rat (2019) and Houlsby et al. (2019). The former
leverages the adapters by incorporating them in
two different parts of the sub-layers. The latter
only appends the adapters on top of each layer with
layer normalization added within the adapter ar-
chitecture. As of this writing, there are no direct
comparisons between these two techniques. How-
ever, the work of Bapna and Firat (2019) is simpler
to implement and has been adopted in other works
such as Pfeiffer et al. (2020); Riicklé et al. (2020);
Pfeiffer et al. (2021)

There have been several applications of adapters
in NLP as well as in ASR. Bapna and Firat (2019)
show the benefit of using adapters when adapting
machine translation models to new domains and
languages; Houlsby et al. (2019) propose to use
adapters in various natural language understanding
(NLU) domains such as commonsense reasoning,
sentiment analysis, and natural language inference
(NLI) (Pfeiffer et al., 2021); Pfeiffer et al. (2020)
show that adapters can be extended to work effi-
ciently in a multi-language setup where they are
incorporated with new languages in multi-lingual
models such as Devlin et al. (2019) as their main
model; and finally Lee et al. (2021) show that incor-
porating adapters in multi-domain language models
can help to improve the Word Error Rate (WER)
of an ASR model while increasing the number of
parameters by only 2%.

Gating mechanism in adapters was studied by
Rochan et al. (2021); Pham et al. (2020) as a regu-
larization effect. Rochan et al. (2021) propose to
learn a lightweight gating mechanism in Computer
Vision domain on a residual network to allow the
network to gradually learn to regulate the contribu-
tions from adapter transformations. Alternatively,
Pham et al. (2020) incorporate a classifier that was
trained separately to regularize adapter when the
adaptation data is small. They investigate the ef-



fectiveness on a machine translation task and find
that incorrectly choosing between the generic and
adapted models can negatively impact the transla-
tion result.

Adapter efficiency was studied in Riicklé et al.
(2020) by disabling adapters on lower transformer
layers during training either statically or dynami-
cally. The work investigates dropping the adapters
on lower layers and sharing the parameters across
all layers. The work shows that one can get speed
up during inference by pruning the adapters from
lower layers with minimal decrease in task perfor-
mance.

3 Methodology

3.1 Base model architecture

We use the Transformer architecture (Vaswani et al.,
2017) as our base model in the following configu-
ration: We use the embedding dimension of size
512, 6 encoder layers with 8 attention heads and
2048 hidden units. The output layer dimensionality
and the corresponding vocabulary size is 30K, that
corresponds to the most likely subword segmenta-
tion, generated by the unigram wordpiece model
(Kudo and Richardson, 2018). We omit the decoder
component of transformer and only focus on the
encoder component.

3.2 Adapter
3.2.1 Adapter Module

We closely follow the adapter implementation from
Bapna and Firat (2019); Pfeiffer et al. (2020) as
depicted in Figure 1. The adapter module is defined
as a simple bottleneck architecture that is added on
top of a transformer layer.

The adapter A; at layer [ consists of a down-
projector D; followed by a non-linear activation
ReLU (Agarap, 2018), and an up-projection layer
U;. Let h; be the output of current transformer layer
l. Tt is firstly passed through a layer normalization
(Ba et al., 2016) LN prior to being transformed
by a down-projection layer D; of the adapter mod-
ule. The output of up-projection is again forwarded
through layer normalization:

Ai(hi) = U(LN(ReLU(Dy(LN(h1)))) + hi

3.2.2 Adapter Efficiency

It’s not immediately obvious what the optimal con-
figuration of adapters is and different approaches
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have been proposed in the literature (Bapna and Fi-
rat, 2019; Houlsby et al., 2019; Pfeiffer et al., 2020;
Riicklé et al., 2020). As part of our experiments,
we evaluate four different adapter configurations to
understand the most optimal choice:

* Full adapters: We employ adapters on top of
all transformers layers

» Upper-half adapters: We employ adapters
only on the 3 top layers of transformers

* Bottom-half adapters: We employ adapters
only on the first 3 layers of transformers

* Shared adapter: We employ only a single
adapter that is shared across different trans-
former layers

3.2.3 Data mixing strategy

It is assumed that adapters should circumvent catas-
trophic forgetting as the original model’s param-
eters are kept intact (Houlsby et al., 2019; Bapna
and Firat, 2019). This assumption only holds when
the input domain is defined prior to the prediction.
We argue that this is not the case in a real-word sce-
nario where the domain of input data is not always
known in advance.

Zheng et al. (2021); Li et al. (2020) show that
incorporating past data during the fine-tuning can
help to mitigate the catastrophic forgetting. In this
work, we investigate the effect of including differ-
ent ratios of source and target domain data during
adaptation. Similar to Zheng et al. (2021), we sam-
ple our data on-the-fly instead of directly combin-
ing both data sources from the beginning.



3.2.4 Gating mechanism

To automatically switch the adapter on/off depend-
ing on the input, we introduce gating mechanism on
the residual connection between of the adapter. In
contrast to Pham et al. (2020) that employs the gat-
ing mechanism at token level features, we operate
on the sentence level features by leveraging average
embedding of the current input tokens. We believe
that providing the full sentence representation into
the gating mechanism is helpful to classify the do-
main of the input, as the same token may qualify
for different semantics and domain depending on
the context. The gating mechanism G comprises
of a single feed-forward layer L with sigmotd as
it’s activation function. We average the current to-
ken embeddings emb; as the input features of the
feed-forward layer:

G(emby. 1) = sigmoid(L(avg(emb;_ +)))

4 Results and Discussion

4.1 Datasets

We conduct language model pre-training on
Librispeech-LLM corpus (Panayotov et al., 2015),
that consists of texts from 14500 publicly available
books. We split the dataset into 75M/380K/380K
sentences for train, dev, and eval sets, respectively.

We use two different corpora for the fine-tuning
experiments: PubMed (Canese and Weis, 2013)
and Switchboard (Stolcke et al., 1998). PubMed
consists of 31 million citations for biomedical lit-
erature from MEDLINE, life science journals, and
online books. For this work, we only extract the
abstracts from PubMed and do not leverage any of
the metadata. Similar to LibriSpeech, we further
split the data into 185M/2.2M/3.8M sentences-long
partitions for train, dev, and eval sets. Switchboard
comprises of 2,400 two-sided telephone conver-
sations among 543 speakers. For language model
training, we managed to populate around 250K sen-
tences from the corpus. In the end, we generated
199K/25K/25K sentences-long splits for train, dev,
and eval partitions.

4.2 Baseline results

Training only a small number of parameters such
as adapters can achieve similar, if not better, per-
formance than fine-tuning of the whole model ac-
cording to Houlsby et al. (2019); Bapna and Firat
(2019). To provide better clarity on the total num-
ber of trained parameters, we refer to Table 1. In

Adapters
A‘glll:lter S|+ Embedding
Y| + Output Layer
Trainable 1,590,784 32,311,808
parameters
Total 51,226,112
parameters

Table 1: The total number of trainable and all parameters
in different experimental setups.

it’s full configuration the adapter only has ~3% of
the number of parameters that the pre-trained lan-
guage model has (other configurations have even
fewer parameters).

In this study we pre-trained the model on Lib-
riSpeech transcriptions and adapted on Switch-
board or PubMed corpora. PubMed is a highly
domain-specific corpus full of medical terms that
were never seen during training on the LibriSpeech.
Switchboard, on the other hand, is more similar
to LibriSpeech in data distribution. This can be
seen by looking at the perplexities in Table 2. The
model pre-trained on LibriSpeech has a perplexity
of 253 on Switchboard corpus, but an extremely
high perplexity of 18896 on the PubMed corpus.

Switchboard The perplexity results for Switch-
board are displayed in Table 2. In addition to the
pre-trained and adapted models, we also train a
model on the Switchboard from scratch as an “up-
per bound” on adaptation performance. We see that
the adapted model even slightly outperforms the
model trained only on Switchboard data (38.72 vs
40.23). This indicates that there is sufficient sim-
ilarity between Switchboard and LibriSpeech for
the pre-training on LibriSpeech to benefit the per-
formance on Switchboard. However, this comes at
a significant cost as the perplexity on LibriSpeech
data is roughly four times the original value after
adaptation (from 76.97 to 318.15).

PubMed The perplexity results for PubMed are
also displayed in Table 2. We note again that
the model trained just on LibriSpeech data from
scratch performs poorly on the PubMed corpus,
with a perplexity value of ~18k. In contrast to
the Switchboard, where we saw that adapting from
LibriSpeech beats a model trained only on Switch-
board, this does not happen for the PubMed corpus.
We believe this is the result of the huge domain
mismatch between LibriSpeech and Pubmed. How-
ever, the adapter can still recover most of the per-



Model LibriSpeech (LS) | PubMed (PM) | Switchboard (SWB)
Adapter FULL trained on PM 1171.73 44.88 N/A
Full model fine-tuned on PM 1072.07 14.41 N/A
Adapter FULL trained on SWB 318.15 N/A 38.72
Full model fine-tuned on SWB 402.09 N/A 35.31
Baselines

From Scratch trained on LS 76.97 18896.72 253.46
From Scratch trained on PM 1229.03 14.00 N/A
From Scratch trained on SWB 1195.86 N/A 40.23

Table 2: Perplexity results comparing adapted models to those trained from scracth on a particular domain. PM
stands for PubMed, SWB and LS stand for LibriSpeech and Switchboard respectively.

Model . ?erple)ﬂty
Pre-training .
Domain Data
Data
Switchboard
Adapters 209.35 219.74
Full 258.72 78.83
fine-tuning
PubMed
Adapters 455.96 167.81
Full 996.80 78.75
fine-tuning

Table 3: Perplexity results when first pre-training on
Switchboard or PubMed corpus and then adapting to
the LibriSpeech corpus.

formance gap, with perplexity improving to 44.88.
As before, this improvement comes with a severe
perplexity cost on past data, with perplexity on
LibriSpeech degrading from 76.97 to 1171.73.
These results highlight that while adapters
achieve good domain adaptation performance,
catastrophic forgetting severely regresses perfor-
mance on past domains. Mitigating this catas-
trophic forgetting will be the focus of section 4.5.

Fine-tuning Adapters + Embedding + Output
layer We also investigate the impact of fine-
tuning the embedding and output layers as well as
the adapter as a possible mitigation strategy for the
issues discussed earlier (Table 4). Fine-tuning these
additional layers along with the adapter brings sub-
stantial improvement on the new domain data. The
difference is more pronounced for PubMed, as we
gain almost 52% relative improvement in perplex-
ity when compared to the adapter-only model. In
contrast to PubMed, we do not see the same benefit
on past data for Switchboard. The perplexity even
increases by ~26% when we fine-tune the embed-
ding and output layers. One reason for this could
be the following: when the adaptation data is small

(as is the case with Switchboard), the model easily
overfits the much larger embedding and output lay-
ers, resulting in a performance degradation on past
data. Adapter experiments in follow-up sections on
PubMed train embedding and output layers along
with adapters, while Switchboard adapter experi-
ments only train the adapter modules.

4.3 The effect of the training sequence

For completeness, we also report results on the
“reverse sequence’”, i.e. pre-training first on Switch-
board or PubMed and then adapting to LibriSpeech
(Table 3). Interestigly, the model adapted to Lib-
riSpeech from Switchboard has a higher perplexity
than the one that was adapted from PubMed; de-
spite the fact that Switchboard corpus is closer in
data distribution to LibriSpeech. This tells us that
the size of the pre-training dataset influences sig-
nificantly the adapter’s capability (PubMed corpus
is roughly 900 times larger than Switchboard).

4.4 Performance of different adapters

Adapters configurations In this section, we dis-
cuss the experiments conducted to see the effi-
ciency of the different adapter configurations. We
can see from Figure 2 (a) that the performances of
bottom-half, upper-half, and shared setups slightly
degrade perplexity compared to the full configu-
ration. We hypothesize that this is due to the fact
that the full configuration has more trainable pa-
rameters. The difference is more pronounced on
Switchboard than on PubMed. We also observe
in Table 5, that compared to the full model fine-
tuning, training adapters can be up to ~43% faster,

as fewer weights are trained.
Larger adapters In order to see the impact of

having larger adapters, we experimented with a
modification in the bottleneck architecture. Instead
of scaling down the dimensionality, we scaled it up



Adapters
Model Adapters Only +Embedding
+Output Layer
LibriSpeech | Domain | LibriSpeech | Domain

Adapters

fine-tuned on PubMed 1171.73 44 .88 781.49 21.53
Adapters

fine-tuned on Switchboard 318.15 38.72 402.05 35.15

Table 4: Perplexity results comparing models that train adapters only against models that train adapters as well as

the embedding and output layers of the base model.
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Figure 2: Comparison of perplexities on different setup of adapters. (a) Shows the performance of the normal size
adapter and (b) Shows the performance of the large size adapter

Methods Average samples
per second
Full fine-tuning 375
Full adapter 455
Upper-half adapter 535
Bottom-half adapter 490
Shared adapter 475

Table 5: Training speeds comparison between different
type of adapter and full fine-tuning

to twice the original dimension size. We see in Fig-
ure 2 (b) that using larger adapters does not consis-
tently improve perplexity, with results being mixed
and varying with the configuration used. We see
that increasing the adapter size benefits PubMed
more than Switchboard (=14% relative improve-
ment over the standard adapter in full setup). We
will also see in Section 4.5 that larger adapters
suffer more from catastrophic forgetting, as hav-
ing more parameters in the adapter encourages the
model to overfit to the domain data.

4.5 Mitigating Catastrophic Forgetting

Our results so far on adapting neural language mod-
els are similar to and in agreement with what Bapna
and Firat (2019) observed for machine translation
models. We now turn our focus to controlling and
mitigating catastrophic forgetting. For this purpose,
we employ mixed training and a new gating mech-
anism to automatically turn the adapter on and off.
For Switchboard dataset, we performed the exper-
iments with all adapter configurations; but in the
interests of frugality, we only performed PubMed
experiments on the two best performing configura-
tions.

4.5.1 Mixed training

Switchboard From Figure 3, we can see that in-
troducing even small amounts of past data (as little
as 10%) to adapter training can reduce the nega-
tive impact of catastrophic forgetting by more than
53.3% relative compared to training the adapter on
domain data only. However, including too much
past data results in modest gradual but consistent
increase in the target domain perplexity.



(a) Evaluation on Switchboard Dataset
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(c) Evaluation on PubMed dataset
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(b) Evaluation on LibriSpeech dataset
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(d) Evaluation on LibriSpeech dataset
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Figure 3: Perplexities of FULL and UPPER-HALF adapter configurations trained in data-mixing setup for models
pre-trained on LibriSpeech. The first row (a, b) shows the performances of models adapted to Switchboard and the
second (c, d) row shows the performance for models adapted to PubMed.

PubMed Similar to Switchboard, we see a sig-
nificant ~79% relative reduction in perplexity on
LibriSpeech by incorporating past data, compared
to the adapter that was only fine-tuned with domain
data. Likewise, we also observe an increase in per-
plexity on the domain data when we add more past
data.

4.5.2 Mixed training with gating

We now study the impact of the gating on the model
performance. In Figure 4, we see that gating im-
proves perplexity on both domain and past data (up
t0 29.1% on past data along with 11.9% on domain
data for Switchboard). The perplexity improve-
ments on domain data are largely insensitive to the
data mixing ratio, but the perplexity improvements
on past data are stronger in low mixing ratios.

In Table 6, we can see that after applying both
data mixing and automatic gating, we’re able to
mitigate catastrophic forgetting almost completely.
The model trained just on LibriSpeech has a pre-
adaptation perplexity of 76.97 on the LibriSpeech
evaluation set, while models adapted on PubMed
and Switchboard have perplexities of 79.36 and
78.39 respectively (down from 1171.73 and 318.15
as shown in Table 2).

4.5.3 Comparison with fine-tuning
In this section, we compare adapters to fine-tuning

all the weights of the base model on domain data.
In Table 6 we see the trade-offs between improv-
ing on target domain data versus degradation on
past data as a result of model adaptation via both
adapter approach and whole model fine-tuning. On
the Switchboard corpus, the performance of the
two approaches on the domain data is almost on-
par, but adapters experience smaller degradation
on the original LibriSpeech data. However, on
the PubMed corpus adapters are better at mitigat-
ing catastrophic forgetting while fine-tuning all
weights achieves a lower perplexity on the domain
data. These results suggest that using adapters
is a better approach for incremental training on
similarly distributed data (Switchboard scenario),
whereas fine-tuning all weights can be more ef-
fective when adapting the model towards domain,
whose data distribution is further away from the
source data (PubMed scenario).

5 Conclusion

In this work, we present a study on using adapters
to train neural language models, demonstrating that
they are effective in mitigating catastrophic forget-



Mix Perplexity
Libri | Target LibriSpeech Domain Data
Fine-tuning all weights \ Adapters | Fine-tuning all weights \ Adapters
PubMed
10 90 143.96 116.05 14.57 21.29
20 80 119.13 97.37 14.70 21.34
30 70 104.34 87.26 14.94 21.85
40 60 97.69 81.57 15.40 21.59
50 50 92.47 78.39 15.46 22.30
Switchboard
10 90 126.70 114.82 31.90 33.43
20 80 107.85 92.42 31.38 33.06
30 70 97.71 84.23 31.79 33.13
40 60 93.32 81.36 32.04 33.65
50 50 89.88 79.36 32.37 33.81

Table 6: Perplexity results comparing fine-tuning all base model parameters and adapters with automatic gating.

Evaluation on Domain data
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Relative perplexity improvement
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Evaluation on LibriSpeech
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Figure 4: Relative perplexity improvements between adapters trained with gating mechanism and mixed data setup
and adapters that were trained only with mixed setup. X-axes show the sample percentage in the data mixing
strategy, 10%-90% means we include 10% of the source data and 90% of domain data. The left image shows the
relative improvements on both Switchboard and Pubmed. The right image shows the adapters performance on the
source LibriSpeech data after adaptation either on Switchboard or PubMed

ting in an incremental learning scenario. We first
show that fine-tuning a pre-trained model using
adapters increases the robustness to catastrophic
forgetting by up to 20.8% compared to standard
fine-tuning of the entire model.

Although the problem is not entirely solved just
by fine-tuning the adapters, there are several ap-
proaches to help alleviate the problem further. By
adopting a data mixing strategy, we show that in-
corporating a small amount of past data can help to
reduce the perplexity up to 79%.

We also introduce a novel gating mechanism to
automatically switch the adapters on and off de-
pending on the input and train it in an end-to-end
fashion. Even though we only use a very simple
feature as input to the gating layer, this approach

manages to reduce perplexity on the past data by
7.4-39.3% while also improving 0.3-14.8% on the
domain data relative to the naive mixing strategy.
Furthermore, when combined with data mixing, au-
tomatic gating can produce adapted models whose
perplexity on past data is almost as good as the
model before adaptation.

Furthermore, we also study the impact of dif-
ferent adapter setups. We find that we can reduce
the number of trainable parameters by a factor of
6 by sharing adapter parameters across all layers
while suffering only a modest absolute perplex-
ity degradation. This could be a viable option in
resource-constrained scenarios.
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