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Abstract

Domain shift occurs when the test distribu-
tion is different from the training distribution
on the same task, usually degrading predic-
tive performance. We study meta-learning ap-
proaches to few-shot domain adaptation for
the sentiment classification task. We use two
representative meta-learning methods: Proto-
typical networks and MAML, and a multi-
task learning baseline. We find that the mul-
titask baseline proves to be quite strong, out-
performing both meta-learning methods. How-
ever, MAML achieves performance close to
multitask learning when domain shift is high.
We also find that smart support set selection
increases model performance slightly for all
models studied.

1 Introduction

Machine learning models have shown great capa-
bilities of being able to learn from labeled data (He
et al., 2015; Dozat and Manning, 2017). However,
most of these models rely on the assumption that
train and test data are drawn from the same, or very
similar, distributions (domains). When the test data
distribution is significantly different from the train-
ing data distribution, model performance usually
drops drastically (Blitzer et al., 2007). This is very
common in practice, and is also called domain shift.
The larger the domain shift, the larger its effect on
performance.

Gathering labeled data for every possible domain
is too expensive, and for many domains infeasible.
Instead, we want the model to be able to adapt
to a new domain using no or as few additional la-
bels as possible. The goal of domain adaptation is
to construct a learning method that facilitates this.
This has been heavily studied, and proposed solu-
tions use unsupervised (Ganin et al., 2017; Blitzer
et al., 2006) and semi-supervised methods (Steed-
man et al., 2003; McClosky et al., 2006; Jiang and

Zhai, 2007), mainly by aligning feature representa-
tions between source and target domains.

We adopt a novel approach to domain adaptation
for language data, using meta-learning (Schmid-
huber, Jürgen, 1987; Thrun and Pratt, 1998). The
meta-learning paradigm has been shown to work
well on few-shot classification tasks (Snell et al.,
2017; Santoro et al., 2016; Finn et al., 2017). With
its ability to adapt to new tasks quickly, we ex-
plore whether it proves beneficial for the domain
adaptation problem.

While Li and Hospedales (2020) also use meta-
learning for domain adaptation, they use it as a
starting point for other domain adaptation tasks and
for image data. We only consider meta-learning
as-is, and consider a language task instead: senti-
ment classification (Pang et al., 2002). Sentiment
classification has been used for domain adaptation
before (Blitzer et al., 2007). In the context of sen-
timent classification, for example, the word “fast”
would be associated with a positive sentiment for
a review of a battery charger, while it would be
negative for a battery review.

We experiment with a dataset of 14 Amazon
product review domains, and 2 movie review do-
mains. We compare the performance of meta-
learning domain adaptation approaches with a mul-
titask (Caruana, 1997) baseline. We find that:

• The meta-learning methods are outperformed
by the multitask baseline for the task of sen-
timent classification. This is surprising, as
meta-learnig methods are explicitly optimized
for fast adaptation.

• MAML achieves performance close to multi-
task learning when the domain shift is high,
but performs a lot worse when the domain
shift is smaller.

• Selection of high quality support sets, us-



ing pointwise mutual information, slightly
improves performance on all testing setups,
opening up further lines of investigation.

2 Related Work

Domain Adaptation A large amount of research
has been done on learning under domain shift.
Early work on unsupervised and semi-supervised
domain adaptation include bootstrapping (Steed-
man et al., 2003; McClosky et al., 2006), learn-
ing a shared feature space over domains (Blitzer
et al., 2006), and instance weighting (Jiang and
Zhai, 2007). More recent approaches make use of
adversarial learning (Ganin et al., 2017; Goodfel-
low et al., 2014) and fine-tuning (Sennrich et al.,
2016). Ruder and Plank (2018) find that the earlier
approaches are strong baselines in the context of
neural networks. In conjunction with our research,
meta-learning for domain adaptation is starting to
be explored as well. Li and Hospedales (2020)
use meta-learning to find a good parameter ini-
tialization for other domain adaptation methods,
and obtain improvements on several image domain
adaptation benchmarks. This is different from our
work in that we use the meta-learned model as-is,
and not as a base for another domain adaptation
method, and that our experiments concern language
data.

Meta-Learning Meta-learning, or learning to
learn (Schmidhuber, Jürgen, 1987; Thrun and Pratt,
1998), aims to improve its future learning efficiency
during training, allowing it to quickly adapt to a
new task. The paradigm has been proposed as a
way to overcome fundamental challenges of tradi-
tional supervised learning methods: their disability
to generalize well to unseen data, and the large
amount of data needed to train such a model. In
contrast, humans are usually able to generalize
after just one or a few examples of a given ob-
ject. Meta-learning approaches have been shown
to work well for few-shot classification tasks (Ravi
and Larochelle, 2017; Vinyals et al., 2016; Snell
et al., 2017), in which a model is asked to make
predictions on a new task after seeing only a few
examples.

We explore two meta-learning approaches for
domain adaptation. One is the metric-based pro-
totypical network (Protonet) (Snell et al., 2017),
which can be seen as an end-to-end trainable near-
est neighbor approach. Another is the optimization-
based MAML (Finn et al., 2017), which attempts

to find a parameter initialization from which a net-
work can adapt quickly to a new task with a limited
amount of new data. Like Blitzer et al. (2007), we
investigate domain adaptation for sentiment anal-
ysis. They similarly use Amazon product reviews,
but we investigate more product categories, as well
as movie reviews.

Multitask Learning We use multitask learning
as a baseline. Multitask learning (Caruana, 1997)
trains a single model using multiple tasks at the
same time. This allows the method to share in-
formation it learns from multiple tasks, and even
learn domain-agnostic features, which might help
it transfer knowledge to different domains as well.
Liu et al. (2017) use a private-shared multitask
architecture to explicitly learn domain-agnostic
features, and performs experiments on the same
datasets that we do. Their results are, however, not
comparable to ours. We use a hard-sharing archi-
tecture, in which parameters are shared across all
tasks, and we use BERT (Devlin et al., 2018) as
model encoder, while they use an LSTM (Hochre-
iter and Schmidhuber, 1997).

3 Methods & Task Formulation

In this section, we first describe the specific mod-
els we use for the domain adaptation task, draw-
ing from multitask and meta-learning. We also
describe a method quantifying similarity between
domains, which we use as a guide for designing
our experiments.

3.1 Meta-Learning for Domain Adaptation
Meta-learning aims to improve its learning algo-
rithm during training. It optimizes for this explic-
itly by using an inner learning algorithm that learns
a task, and an outer (meta) learning algorithm that
optimizes an outer objective, such as generaliza-
tion performance or learning speed of the inner
algorithm (Ravi and Larochelle, 2017). In the con-
text of domain adaptation, the meta objective is to
quickly perform well on a task in a new domain.

Meta-learning usually employs an episodic
learning strategy, in which learning happens over
episodes. An episode consists of a support set, used
to train the inner algorithm, and a query set, which
is used to optimize the meta objective given the per-
formance on the support set. When the support set
contains k samples from each class in a classifica-
tion task with N classes, it is called k-shot N-class
classification. In our sentiment classification task,



the number of labels is always fixed to 2, positive
and negative.

In this work, we investigate two specific
meta-learning algorithms: Model-Agnostic Meta-
Learning and Prototypical Networks.

3.2 Model-Agnostic Meta-Learning (MAML)

MAML is an optimization-based meta-learning
framework that can be applied to any task using
gradient descent to update its parameters. Consider
a set of tasks T , in our case sentiment classifica-
tion on different domains, along with a distribution
over these tasks p(T ). MAML updates a model’s
weights such that different tasks can be optimized
quickly starting from that set of weights.

Consider a model fθ, parameterized by θ. For
a single task Ti, the model performs one or more
within-episode gradient steps on the support set in
order to get parameters specialized for that task, θ′i.
For one step, the update is given by:

θ′i = θ − α∇θLTi(fθ),

where LTi is a loss function evaluated on the sup-
port set, and α is a hyperparameter. The meta-
objective optimizes not a single task, but multiple
tasks simultaneously:

min
θ

∑
Ti∼p(T )

LTi(fθ′i),

where LTi is now evaluated on the query set. This
objective can then be optimized using stochastic
gradient descent.

This, however, requires calculating and storing
second-order derivatives, which makes the train-
ing computationally expensive. First-order MAML
(FOMAML) approximates meta-objective gradients
by making the assumption that they only depend on
the latest θ′i from the inner gradient updates. It has
been found that FOMAML performs nearly as well
as regular MAML (Nichol et al., 2018). Hence, we
use FOMAML in all our experiments.

A downside of MAML is that each meta-update
step requires storing weights and gradients of mul-
tiple model instances simultaneously. This heavily
increases memory requirements, especially so for
modern architectures with many parameters.

3.3 Prototypical networks (Protonet)

Prototypical networks (Snell et al., 2017) are usu-
ally categorized as a metric-based meta-learning

method. These methods are inspired by nearest
neighbor and kernel density estimation techniques.

Given the support set of every class, the idea is
to form corresponding class prototypes, and then
use these class prototypes to classify the query set.
To do this, the support and query set samples are
first encoded into feature vectors. A class prototype
is then obtained as the mean of all feature vectors
from that class’s support set. Each sample in the
query set is then classified based on its feature
vector’s proximity to the class prototypes, and is
assigned to its nearest prototype.

Formally, the predicted distribution of class prob-
abilities for any given sample x from the query set
is defined as follows:

P (y = c | x) = exp(−dϕ(fθ(x), vc))∑
c,.∈C exp(−dϕ(fθ(x), vc,))

,

where fθ is the Prototypical network, vc is the
prototype for class c and dϕ is some distance mea-
sure. We use Euclidean distance in our experiments.
The loss function is the negative log-likelihood of
the above expression, which is equivalent to a cross-
entropy loss.

In contrast to MAML, Protonet doesn’t update
its parameters based on new data, but uses it in-
stead to generate prototype vectors. There is
also no update done in the inner algorithm dur-
ing training, and there is no need to store multi-
ple sets of weights. This makes Protonet much
more lightweight and compute efficient compared
to MAML.

3.4 Multitask Learning

In multitask learning, multiple tasks are performed
by the same model, such that parameters are shared
over the tasks. This allows the learning procedure
to gain from sharing knowledge obtained from ben-
eficial tasks. Although many schemes for multitask
learning have been proposed (Liu et al., 2017), we
use one of its simplest variants: a hard-sharing
model (Caruana, 1997). In the hard-sharing model,
different tasks share all model parameters. In the
context of domain adaptation, we consider each do-
main a different task, even though they are all still
sentiment classification tasks. We expect multitask
to be a very strong baseline, as we already expect
it to learn domain-agnostic representations, which
will be useful for domain transfer.

In contrast to the meta-learning methods, the
multitask approach does not explicitly optimize for



performing well on few-shot classification. How-
ever, it does require the model to learn domain-
agnostic features, which should help it perform
better on an unseen domain.

3.5 Measuring Domain Similarity
Domain similarity measures quantify how simi-
lar a pair of domains are. One subclass of such
measures compares word distributions, relying on
the assumption that similar domains share more
common terms than dissimilar ones. For example,
reviews about “tablets” and “smartphones” have a
large number of terms in common, such as “screen”,
“battery”, “charger” and so on, than “smartphones”
and “kitchen” reviews would have.

It has been found that domain similarity corre-
lates well with the performance of predictive mod-
els, where in general performance decreases for
domains that are less similar (Van Asch and Daele-
mans, 2010). In our experiments, we use the α-
Renyi divergence1 (Rényi, 1961) as distance mea-
sure, which uses the term frequencies as a way to
describe the difference between two domains. It is
computed as follows:

Renyi(P,Q, α) :=
1

α− 1
log2

(∑
k

p1−αk qαk

)
,

where pk is the relative frequency of a token k in
the first corpus P , and qk is the relative frequency
of token k in the second corpus Q. We use a value
of α = 1/2, since it is symmetric in this case, and
arguably more interpretable.

We further extend the idea and calculate an ag-
gregated Renyi (aR) which can be used to compare
a set of multiple domains with a different domain:

aR(T, v) :=
1

N

∑
t∈T

Renyi(t, v),

where T is a set of domains, and v is another do-
main.

3.6 Pointwise Mutual Information (PMI)
PMI quantifies the likelihood of the co-occurence
of two random events. It considers the joint proba-
bility of them occurring and downscales it by the
marginals to account for the individual contribu-
tions of each event. We use it to find characteristic
words for some domains, in an experiment where
we consider different support set sampling strate-
gies.

1The Renyi divergence has a parameter α and Kullback-
Leibler is a special case of the Rényi divergence

4 Experiments

We evaluate how models perform on domain adap-
tation in the context of sentiment classification. To
this end, a model is trained on a set of training do-
mains, after which its performance is evaluated on
an unseen test domain.

Data We use the Fudan review dataset 2 (Liu
et al., 2017). which consists of 16 individual sen-
timent classification datasets. They can broadly
be categorized into Amazon product reviews and
movie reviews. The product reviews are of differ-
ent domains including books, DVDs, electronics,
and so on. The goal is to classify the reviews into
one of two categories: positive or negative. Addi-
tional details and statistics about the data used can
be found in Table 3.

We use 14 domains for training, 1 for valida-
tion and 1 for testing. There are many options for
selecting the validation and the test domains, but
not all are equally informative. We hypothesize
that we should find better performance on domains
that are closer to the average training distribution
and worse results for the ones with a larger domain
shift. We therefore choose to test using two setups:
one where the test domain is similar to the train
domains, and one where the test domain is very
different from the training domains. To this end,
we measure the domain shift of each possible test
domain with respect to all the other domains using
the average Renyi (aR) metric described in Sec-
tion 3.5. The resuling similarities are visualized in
Figure 1. We find that the domain “MR” signifi-
cantly differs from all other training domain, which
also makes sense as it is not about product reviews.
Using this knowledge, we pick two of the possible
validation-test pairs:

• sports outdoors - dvd, aR = 0.46 (least shift),

• imdb - MR, aR = 0.74 (largest shift).

Models The Protonet, multitask and MAML ap-
proaches share the same model architecture. Text
representations are obtained using a pre-trained
BERT3 (Devlin et al., 2018) encoder network, with
a multi-layer perceptron (head) stacked on top.
BERT has been shown to extract useful features,

2https://github.com/FrankWork/fudan_
mtl_reviews

3We use a BERT base uncased implementation from Hug-
gingFace.

https://github.com/FrankWork/fudan_mtl_reviews
https://github.com/FrankWork/fudan_mtl_reviews
https://huggingface.co/transformers/
https://huggingface.co/transformers/


Figure 1: Domain shift across domains.

efficiently capturing context and improving perfor-
mance in many downstream tasks. In our experi-
ments, we fine-tune its 2 final layers. BERT’s CLS
token’s representation is used as sentence repre-
sentation, with 768 dimensions. We truncate all
sequences longer than 512 tokens, since BERT can-
not handle those. Qualitative inspection however
shows that the first 512 tokens should be enough
to infer the general sentiment of the text. The feed-
forward network has 2 layers with hidden sizes
512 and 256, and ReLU activations4. To make
predictions, multitask and MAML use a single-
layer softmax classifier that maps the activations
from the head to 2 classes. In contrast, Protonet
computes the Euclidean distance between repre-
sentations with each of the class prototype repre-
sentations and normalizes them using a softmax
function.

Training and Evaluation During training, we
minimize the cross-entropy loss between the predic-
tions and labels. The model weights are split into
2 groups updated by separate optimizers: Adam
(Kingma and Ba, 2017) for the head and softmax
layers, and Adam with a weight decay of 0.01 and
warm-up (Loshchilov and Hutter, 2019; Howard
and Ruder, 2018) for BERT. For each model, we
use a linear learning rate warm-up and annealing
schedule. We use 100 warm up steps and a learning
rate of 5× 10−5. For all models, we clip gradient
norms to 1. We use a dropout (Srivastava et al.,
2014) of 0.1 in the BERT encoder.

Since we are interested in the practical case
where few data is available, we also differentiate

4Since Protonet does not need a classifying head, we add
an extra neuron in the last layer (=257) to have an equal
number of parameters.

models based on how much data they have seen.
We consider two schemes: the full and limited data
schemes. In the full data scheme, all the meth-
ods see all of the samples in the training domains
once. In the limited data scheme, each model is
only allowed to see 15% of examples (3500 exam-
ples) in the training domains. In both cases, results
are reported on the model performing best on the
validation set during training.

Models are evaluated on a hold-out test domain
using test accuracy. We consider a few-shot eval-
uation scheme, in which a model is fine-tuned on
a support set containing 5 positive and 5 negative
samples. Thereafter, the fine-tuned model is evalu-
ated on the remainder of the test domain. We find
that multitask performance actually degrades when
it is fine-tuned on the test domain. For this reason,
we report both zero-shot and few-shot multitask
performance. The multitask model fine-tunes for 1
step, MAML fine-tunes for 3 steps, while Protonet
is not fine-tuned, but creates prototype represen-
tations instead. This procedure is repeated for 5
different support sets randomly sampled from the
test domain, to get more reliable test scores.

Support Set Selection with PMI To investigate
the effect of support set selection on test domain
performance, we use a heuristic to find “good” sup-
port sets. To this end, we use PMI (Section 3.6) to
score samples based on how characteristic they are
for a domain and sentiment class. The hypothesis
here is that characteristic samples make better sup-
port sets, and allow the fine-tuning model to get a
more informed perspective of the unseen domain.

The PMI score for a review is the average PMI
score of all the words in it. The PMI scores for the
individual words in a domain are calculated based
on all the data available for that domain. Since
many terms appear only once, they get assigned a
large PMI score for the domain they are from. To
overcome this, the term PMIs are only calculated
for the first 3000 terms which appear more than
than 5 times in all domains. A support set con-
taining the sentences with the largest PMI score is
selected.

Multitask The multitask model shares all param-
eters between domains. Since it is not a meta-
learning approach, it does not use episodic learning,
but standard batching. During training, one batch
contains samples from multiple domains. We use a
batch size of 16.



Low Domain Shift (DVD) High Domain Shift (MR)
Limited data Full data Limited data Full data

Multitask Zero-Shot 88.28 ±0.54 91.30 ±0.19 80.20 ±0.54 83.02 ±0.24
Multitask 87.55 ±0.42 90.55 ±0.45 77.94 ±0.10 82.16 ±0.45

Protonet 85.73 ±3.21 89.12 ±0.40 78.98 ±1.84 80.91 ±1.48

MAML 83.94 ±1.74 87.32 ±0.58 80.30 ±0.54 82.31 ±0.65

Table 1: Model performance on four different train-test data setup. Means and standard deviations across three
different random seeds are given. All results except for Multitask Zero-Shot are given on 5-shot evaluation.

Protonet Each episode has a support and a query
set containing examples of positive and negative
sentiment from a domain. For accurate prototype
creation, each support set contains an equal num-
ber of positive and negative samples (k = 5). The
samples from the support set are passed through
the model and the averaged representations serve
as class prototypes. The final loss is then calcu-
lated using these prototypes and averaged across
2k query samples.

MAML Each episode for MAML has 5 domains,
sampled uniformly. From each domain, 10 support
samples are used to perform 3 inner gradient de-
scent steps on separate copies of the network. In
the meta-update, the last set of parameters from
the inner loop is used to compute the loss over 10
query samples.

5 Results and Analysis

We first show our main result, which is the perfor-
mance of the multitask and meta-learning models
on domain adaptation for the sentiment classifica-
tion task. Table 1 shows model test accuracy on
the four different train-test data setup described
in Section 4. We include the zero-shot multitask
model, which does not do any fine-tuning on the
test dataset, since it has a higher performance than
its fine-tuned counterpart, and thus represents our
baseline at its strongest.

Suprisingly, the zero-shot multitask model per-
forms best on all testing setups except limited data
high domain shift, in which MAML slightly outper-
forms it. This shows that the multitask approach is
an extremely good baseline for the domain adapta-
tion task, as it outperforms meta-learning methods
which explicitly optimize for fast adaptation. It
is also quite remarkable that the multitask perfor-
mance degrades when fine-tuning on the test do-
main in all setups. It might be that the fine-tuning
interferes with domain-agnostic representations of

the model.

MAML performs quite a lot worse than the other
methods on the low domain shift setup. In the
high domain shift setup, it actually closes this gap,
even outperforming the zero-shot multitask model,
albeit not significantly. This result suggests that the
power of MAML for domain adaptation might only
be visible when evaluated on domains with larger
domain shift. Whether this is true, and why this
happens, could be investigated in further work. In
addition, we find that Protonet outperforms MAML
in the low domain shift case, but suffers more in
performance when domain shift is larger.

We try to give plausible reasons for the observed
model performance, especially the high perfor-
mance of the multitask approach. First, the encoder
model that we use, BERT, is a high-capacity model
with over a hundred million parameters. Recent
work shows that such high-capacity language mod-
els are excellent few shot learners in their own right
(Brown et al., 2020). The multitask approach takes
full advantage of the encoder modeling capacity,
and may be induced to learn domain-agnostic fea-
tures by training on different domains. It might be
that the added complexity introduced by the meta-
learning training regime is instead a detriment to
performance.

Another possible explanation lays with the spe-
cific task that we’re examining. It might be that for
the sentiment classification task, domain shift is not
as large of a problem as it would be for other tasks,
such that the power of meta-learning approaches
over multitask approaches cannot be observed as
well as they could be. We hypothesize that senti-
ment might be inferred from more general words
than ones that change meaning under domain shift.
However, further experiments would need to be
performed to test this hypothesis.

To investigate the effect of domain shift during
learning, we look at the training process closely.



Figure 2: Trends in accuracy of different model types on out-of-domain data for the high domain shift train-test
split (left) and low domain shift train-test split (right). Shown are means and standard deviations across three run.

Low Domain
Shift (DVD)

High Domain
Shift (MR)

Multitask 90.76 ±0.39 82.45 ±0.52

Protonet 89.84 ±0.42 81.60 ±0.24

MAML 89.23 ±0.63 82.73 ±0.23

Table 2: Test accuracy using the support set with the
highest PMI scores. Means and standard deviations
across three different random seeds are given.

Figure 2 records the accuracy on the validation and
test domains throughout the training. Here, we
make two observations: first, neither the validation
nor the test curves decline after saturation in any of
the experiments. This shows that the models don’t
overfit on the data or the domains. Second, none
of the methods are able to generalize across the
domain shift. There is a clear gap in the accuracy
of all three models when they are evaluated on a
very different domain (MR), whereas this gap is
non-existent when they are evaluated on similar
domains.

To explore the effect of support set selection on
performance, we test the trained models on support
sets that are most characteristic of their domain
according to PMI (Section 3.6). Table 2 shows
that the highly representative support set improves
performance for all models slightly. MAML perfor-
mance on the low domain shift full data setup im-
proves quite significantly, implying that the choice
of support set does make quite a large difference
for it.

6 Conclusion

We propose to use a meta-learning approach for
sentiment classification under domain shift. We
find that meta-learning approaches MAML and
Protypical Networks don’t improve domain adap-
tation performance on the sentiment classification
task over a multitask approach, which proves to be
a very strong baseline instead. This is surprising,
as meta-learning approaches explicitly optimize
for quick adaptation. MAML underperforms the
multitask approach severely when domain shift is
not very high, but closes this gap as the domain
shift increases. This suggests a direction for future
work into investigating meta-learning performance
for even larger domain shifts, or harder adaptation
problems in general. We further find that selecting
support sets with characteristic words in unseen do-
mains slightly increases performance for all meth-
ods. Future work could investigate which support
set selection methods work well for domain adapta-
tion, and what properties good support sets should
have in this context.
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Figure 3: Heatmap of the distribution distances be-
tween each of the 16 datasets
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Train Validation Test Average
Review Length

apparel 1280 (49%) 320 (49%) 400 (54%) 67
baby 1200 (53%) 300 (54%) 400 (50%) 119
books 1280 (50%) 320 (50%) 400 (50%) 183
camera photo 1277 (49%) 320 (55%) 400 (48%) 138
electronics 1278 (50%) 320 (51%) 400 (50%) 117
health personal care 1280 (52%) 320 (45%) 400 (47%) 94
kitchen housewares 1280 (51%) 320 (48%) 400 (48%) 98
magazines 1256 (50%) 314 (51%) 400 (54%) 127
music 1280 (50%) 320 (48%) 400 (50%) 149
software 1212 (53%) 303 (50%) 400 (53%) 149
sports outdoors 1279 (51%) 320 (49%) 400 (48%) 106
toys games 1280 (51%) 320 (46%) 400 (52%) 102
video 1280 (50%) 320 (48%) 400 (53%) 162
dvd 1280 (51%) 320 (47%) 400 (50%) 196

MR 1280 (48%) 320 (50%) 400 (52%) 21
imdb 1280 (50%) 320 (49%) 400 (50%) 270

Table 3: Statistics for each of the domain datasets. The percentage of positive sentiment samples are given in
parentheses. The last two datasets are movie revews instead of product reviews.


