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Abstract. Most existing models of sentiment analysis degrade in perfor-
mance significantly when used out of domains they are originally trained
on, which is essentially because vocabularies, semantics, and contextual
patterns all vary across domains. In this paper, we will introduce a sim-
ple, lightweight, and flexible transfer learning approach to improve as-
sumption classification tasks on hidden spaces with only a few available
labeled data. Our model proposes that domain tokens are introduced at
the input level. That is, special tokens like [DVD], [BOOKS] will indi-
cate different domains. These domain tokens explicitly cue the model
to learn domain-aware representations without modification of its ar-
chitecture. Second, we integrate a few-shot learning process where the
model is fine-tuned with only a few labeled cases of the target domain.
Our approach has been evaluated on the widely used dataset of Ama-
zon Review, which includes four domains: Electronics, DVD, Books, and
Kitchen. The results reveal that our model with these domain tokens
consistently preserves the top rank position and reaches F1 values of
up to 0.66 in both zero-shot and few-shot learning. The above points
and discoveries reveal the capability and potential of space tokens in
performing opinion analysis in a domain.

Keywords: Transfer Learning - Domain Tokens - Few-Shot Learning - Amazon
Review Dataset - Contextual Embeddings

1 Introduction

Sentiment analysis, the process of automatically detecting emotional tone in
textual content, has now found significant applications in a variety of domains
ranging from the analysis of user feedback to opinion tracking and trend ob-
servation in social platforms [1,4]. Traditional sentiment classification models,
while giving good results when trained and tested within the same domain, turn
out to perform much poorly when deployed across different domains-a problem
generally referred to as domain shift. This primarily arises because of changes
in word meanings, vocabulary, and context that occur from one domain to an-
other [2,6]. For instance, the word “compact” may imply the positive feature
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of portability in reviews on electronic products but lack of detail in book re-
views. These minor yet domain-specific differences render the possibility of a
single universal sentiment model fairly difficult. Application-specific, individual
models are again not feasible, especially when labeled examples are limited. Re-
cent breakthroughs in transfer learning, especially those based on pre-trained
transformer-based models like BERT [4] and RoBERTa [5], hold much promise.
These models be educated with rich relevant features on large-scale data and be
fine-tuned for a given task with a comparatively small number of labeled test in-
stances. Nonetheless, for cross-domain applications, they generally demonstrate
the deterioration of performance as a result of domain gaps [10]. To overcome
this problem, our study proposes a light-run improvement for the standard trans-
former architecture, namely domain tokens. They are a sort of unique feature
indicator, like “[BOOKS],” “[ELECTRONICS],” and so on, that point to the
domain of the content at the start of the input text. This technique has been
borrowed from the prompt-based learning theory, as proposed by [13], and do-
main adaptation learning, as mentioned by [6]. To check the effectiveness of the
proposed technique in a real-world situation, our study has utilized a framework
for a few-shot learning technique, meaning that the fine-tuning has been accom-
plished by making use of a comparatively small number of labeled instances of
the target domain, like 50 and 100 instances. Our experimental results show that
models improved by domain tokens perform better compared to regular trans-
form models, particularly in a cross-domain scenario. To demonstrate the efficacy
of the proposed technique, the Amazon Reviews Dataset [2] has been utilized,
which comprises four domains—Books, Electronics, DVDs, and Kitchen. Our
baselines and proposed models are then trained and tested over unseen Books
and Kitchen domains based on the Electronics and DVDs datasets, separately.
Our method produces a consistent improvement of up to 13% in F1-score over
regular fine-tuning. Our contributions include:

— Introduce domain tokens to increase generalization and sensitivity over do-
mains.

— Effective performance on few-shot learning with good adaptability in a few
labeled data.

— Extensive empirical evaluation, including training curves, few-shot analysis,
and confusion matrices confirming both robustness and interpretability.

Research Objectives: The primary goals of this research are to:

1. Explore how domain-specific token injection can affect cross-domain senti-
ment analysis accuracy.

2. Evaluate the generalization capability of the model when it comes to zero-
shot or few-shot learning settings.

3. Compare the proposed approach with conventional transformer-based mod-
els and the latest state-of-the-art domain adaptation techniques.

4. Showcase an efficient approach to solve the sentiment analysis task in the
multi-domain setting.



Cross-Domain Sentiment Analysis using Transfer Learning and ... 301

Key Contributions: Building on these objectives, the contributions of this
study are:

— Providing domain tokens to guide transformer models to learn domain-aware
representations without altering the transformer model architecture.

— Low Resource Learning through Few Shot Learning.

— Carrying out comprehensive evaluation tasks such as the comparison of F1
scores, the evaluation of confusion matrices, and the study behavior of the
training process regarding the approach

As shown in Figure 1, our approach insists on simplicity and being modu-
lar and simple to implement. The remainder of the paper is divided as follows:
Segment |l describes the existing work in the area of cross-domain opinion inves-
tigation and exchange learning. Area lll describes the datasets and environment.
Area IV describes the proposed technique. Zone V describes the results achieved
by us, and the Conclusion Segment VI.

2 Related Work

Cross-domain sentiment analysis, being an active area of research, still holds
importance because of the lack of generalizability for the models learned in one
domain [2], [6]. In typical sentiment classification, it was noted that these models
have poor performances on unknown domains, mainly due to the variations that
exist in words, syntax, and contexts. The preliminary solutions for this problem
involved feature alignment for the domain using methods based on pivot learning.
Blitzer et al. [2] proposed a system for finding pivot features. Finding common
words between domains aids in relating the source and target domains. Though
very promising, these kinds of methods require human expertise in feature en-
gineering, which is unscalable if domains are many. A major breakthrough in
CDSA was achieved with the advent of deep learning. Glorot et al. [7] proposed
Stacked Denoising Autoencoders for obtaining domain-invariant features in an
unsupervised setup. Still, these models required retraining after every domain,
making this also somewhat impractical for usage. Later on, adversarial learning
was adapted. Ganin et al. [15] proposed Domain Adversarial Neural Networks
by using the concept of the reverse gradient for obtaining domain-invariant fea-
tures.While powerful, adversarial methods are sensitive to hyperparameters and
involve complicated optimization strategies. Central to CDSA was the rise of
transformer-based language models like BERT and RoBERTa, wherein trans-
fer learning played the key role. These models provided deep contextual em-
beddings that could be fine-tuned for tasks downstream with a small amount
of labeled data. Gururangan et al. proposed Domain-Adaptive Pretraining, or
DAPT, which described extra unsupervised training on domain-specific data.
However, this turns out to be resource-consuming and sometimes is not fit for
immediate deployment across several domains. This led to developing lightweight
alternatives to bypass such limitations. Zhao et al. devised domain-aware fine-
tuning by incorporating domain indicators into training. Han et al. introduced
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the domain prompt tuning method that simply appended domain cues directly
to the input text, thus enabling adaptation without changes in the architecture
of the model. Vu et al. developed CAPTAIN, which is a prompt-based framework
and leverages structured task instructions to guide transfer learning. These in-
struction tuning methods have inspired our approach of injecting domain tokens,
which has encoded the domain identity at the input level for scale adaptation.
Few-shot learning is also an efficient approach for low-data settings. Li et al.
[14] proposed meta-learning on transformer architectures that supported quick
adaptation even from very few annotated examples. Similar ideas include the
work of Arora et al. [19] and Li et al. [20], which employed meta-learning with
prompts or domain knowledge to enhance transferability, though these are gen-
erally more complicated two-step procedures. Conversely, the current method
supports one-step direct fine-tuning from merely a few annotated examples from
the target domain. Other recent investigations also involve efficient fine-tuning
of the model parameters. Mahabadi et al. [18] proposed the Compacter, an ef-
ficient adapter layer that employed low-rank matrix approximation to speed up
the whole training procedure. Another established technique is instance weight-
ing as well. Jiang Zhai [21] suggested that reweighting the examples according
to relevance to the domain is very useful to overcome distribution shifts. From
the literature, there is clearly an intense interest on more efficient solutions that
are compatible with few-shot settings and suitable for CDSA. Our method ad-
vances on these foundations by directly injecting the domain information at the
input level to support fast adaptation without making extensive alterations to
either the model or the whole training inference.

Table 1: Comparison of Cross-Domain Sentiment Analysis Methods

Pretrained Domain Few| Light
Method LM Adaptation Shot|weight
Blitzer et al. (2007) X Pivot features x v
Glorot et al. (2011) x Autoencoder x x
Ganin & Lempitsky (2015) X Adversarial x X
Gururangan et al. (2020) v DAPT x x
Li et al. (2021) v Meta-Learning v x
Wang et al. (2024) v Causal Domain Generalization X x
Chen (2025) v Transfer Learning v x
Xu (2024) v Bert-BiLSTM + Dual Attention| X x
Our Approach v Domain Tokens v v

From Table 1, it is clear that our method achieves a unique harmony of
simplicity, effectiveness, and flexibility, which provides a highly efficient yet light
solution for cross-domain sentiment analysis without using labeled data and with
the architectures unchanged.
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3 Dataset and Experimental Setup

To test the quality of our domain-independent sentiment classifier, we use the
Amazon Product Reviews dataset, which was originally created by Blitzer et al.
[2]. This data set can be a rather common benchmark in the domain of space
adjustments because it represents the divisions in space in a rather clear manner,
with adjusted opinion classes. This data set contains reviews, which are classified
as positive or negative, and there can be no better example or context for a binary
classifier. There are multiple products, which represent distinctive domains in
the data set because each domain represents certain linguistic differences.

3.1 Dataset Summary

The reviews are divided into four main categories: Electronics, DVD, Books,
and Kitchen. Following previous work [6], our model is trained and validated
on the subsets of Electronics and DVD. To assess its generalization to unseen
domains, we test it on Books and Kitchen domains not observed during training.
This replicates practical scenarios where a model is required to perform well in
environments it has not experienced beforehand. In order to keep the clarity of
the sentiment, all the reviews with neutral ratings are removed, so that only the
ones with a strong positive or negative orientation remain. The remaining data
then undergoes preprocessing, including tokenization and truncation, in such a
way that it agrees with the transformer-based model’s input requirements.

Table 2: Dataset Statistics

Domain |[Train|Validation|Test
Electronics | 2000 400 400
DVD 2000 400 400
Books 2000 400 400
Kitchen 2000 400 400

Each review is a short text, typically between 20 and 100 tokens, annotated
with a sentiment label. In our few-shot learning experiments, we are limited to
only 50-100 labeled examples in the target domain.

3.2 Experimental Setup

As a baseline, we fine-tune a RoBERTa-base model [5] using the Transformers
library from Hugging Face. To test, the model is trained on source domains and
tested on seen domains (Electronics, DVD) as well as unseen domains (Books,
Kitchen). We will test the following settings:

— Baseline: Standard RoBERTa fine-tuning without domain tokens, trained
on source domain data only.

— Domain Token Model: RoBERTa model with domain-specific tokens (e.g.,
[ELECTRONICS], [DVD]) prepended to every input.

— Few-Shot Adaptation: domain token model is further fine-tuned with a
few target domain labeled samples of size 50 or 100.

This setup makes it easy to fairly observe the model’s behavior in both zero-
shot and few-shot settings.
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3.3 Training Configuration

All experiments use the same set of hyperparameters to keep the evaluation
consistent. The training setup is summarized below.

Table 3: Training Configuration

Parameter Value

Base Model RoBERTa-base
Max Input Length|128 tokens
Optimizer AdamW
Learning Rate 2e-5

Batch Size 16

Epochs 4-5

Dropout Rate 0.1

Loss Function Cross-Entropy

The training procedure remains the same for each run, and the models tend
to converge within only 4 to 5 epochs. No signs of overfitting are observed, and
a dropout value of 0.1 is used on the classification head to prevent it.

3.4 Evaluation Metrics

The execution of our model is assessed by F1 measure since it provides a scaled
value of precision and recall, which is particularly critical when handling estima-
tion datasets, which would necessarily follow imbalanced training proportions.
Recall that the F1-score is calculated as follows:
Fl1=2 x Precision X Recall )
Precision + Recall

Where:

Precision = L, Recall = L

TP +FP TP +FN

Here, TP, FP, and FN refer to true positives, false positives, and false nega-
tives, respectively. To provide a better sense of how the performance of the show
varies across different opinion categories, we also include a confusion matrix in
Section V Figure 6, which shows the types of errors made during classification.

4 Methodology

In this section, we demonstrate the architecture and guiding principles for our
cross-domain opinion analysis model. The important point to be noted here is
to increase the model’s generalization ability in varied spaces by using a simple
and flexible strategy. To achieve this, the domain-specific tokens are incorporated
into a pre-trained transformer model and its efficacy is validated for zero-shot
as well as a few-shot learning problem. Contrary to the existing techniques that
utilized complicated adaptation techniques or additional layers to the model,
our technique incorporates domain-specific tokens into a pre-trained transformer
model.
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4.1 Overall Architecture

Our approach is based on RoBERTa-base, which is a transformer-based pre-
trained language model with demonstration on a vast English corpus [5]. The
structure, as shown in our Figure 1, has got four key phases:

1. Preprocessing and Tokenization: Preprocessing of the input reviews is
performed by tokenization, and this operation is conducted

2. Domain Token Injection: For domain-specific tasks such as DVDs/Books/CDs

classification, a domain token such as [DV D], [BOOKS] is prepended to the
input string to convey to the

3. Transformer Encoding: The modified sequence is then passed to the
RoBERTa encoder for generating contextual embeddings.

4. Classification Head: The CLS tokenrepresentation is passed through a
linear layer to perform binary sentiment classification.

With very few architectural changes, this approach takes advantage of pre-
trained language models by adding explicit domain knowledge via special tokens.
4.2 Domain Token Injection
The crucial part about this approach lies in the introduction of domain markers,
which are special tokens highlighting the origin domain of the input instance.
The idea has been inspired by prompt-based machine learning techniques [10],
[13], which have been proven effective in transferring models to different tasks
and domains with minor alterations.

[DOMAIN] token + input text

DistilBERT Encoder

A4
CLS Token R@
A4
A4
Sentiment Precliction

Fig. 1: Overall Architecture of the Proposed Framework.

As illustrated in Figure 2, the input is altered as follows:
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— Without Domain Token: “The product was easy to use and reliable.”
— With Domain Token (e.g., Electronics): “[ELECTRONICS] The prod-
uct was easy to use and reliable.”

Without Domain Token: “The battery life is impressive.”

With Domain Token: “[ELECTRONICS] The battery life is impressive.”

Fig. 2: Input Formatting with and without Domain Tokens.

By implanting space data within the input grouping, it can memorize way
better mappings of domain-specific opinion expressions. Thus, it generalizes
much better to new, unseen domains which may share similar or overlapping
linguistic structures.

4.3 Model Training and Loss Function

This model is trained using a cross-entropy loss function, which is normally used
for binary classification problems. The loss for a binary sentiment classification
task-a positive versus negative sentiment-would be:

> h i
L=— yilog(y™) + (1 — yi) log(1 — y™) (2)
=1

where:

— N is the number of training examples,
— yiis the true label (0 or 1),
— y’iis the predicted probability of the positive class.

As mentioned in the formula Equation 2, all the layers of the model, consisting
of the transformer encoder as well as the classification head, are fine-tuned end-
to-end. The training is done using the AdamW optimizer with a dropout of 0.1
applied to the classification head. The purpose of using a dropout value of 0.1
is avoiding overfitting.

4.4 Few-Shot Domain Adaptation

Despite the fact that space tokens increase the abilities of the models regard-
ing generalization without the requirement for target domain introduction, often
applicable settings involve access to a small amount of labeled data in the un-
used space domain. Following a low-resource setting, few-shot fine-tuning of our
domain-conscious models is done using a small amount of instances of labeled
information, normally 50/100, in the unused domain space [14].

It is beneficial to assess the responsiveness of this model to minimal super-
vision. The few-shot learning process consists of three major steps:

1. Firstly, the base model is trained on source domains.
2. A small portion of the target domain named Books or Kitchen is then used
for fine-tuning.
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3. The performance of the adapted model is finally evaluated on the whole test
set of the target domain.

As will be seen in Section V, even this small amount of labeled data results in
a noticeable improvement in performance when combined with domain tokens,
showing that the approach works well in low-data settings.

5 Results and Analysis

5.1 Baseline vs Domain Token Performance

To do that, first, the F1 scores are compared between the baseline RoBERTa
model and the domain token enhanced model trained on the source domains
(DVD + Electronics) when tested on other domains (Kitchen and Books).

Table 4: Zero-Shot F1-Score Comparison on Unseen Domains
Model Books |Kitchen
Baseline 0.52 0.53
Domain Token| 0.63 0.63

Figure 3: Cross-Domain F1 Score Comparison

0.66 = Baseline 0.65

064

08 - With en
06

052 054 0.53
0.50

05
0.4
03
02
0.1
0.0

Books DVD Electronics Kitchen
Target Domain

F1 Score

Fig.3: F1-Scores on Unseen Domains: Baseline vs Domain Token Models.

As evident in Table 4, our first goal, which focused on the impact of domain
token injection, has been validated. The Domain Token model performs better
than the baseline model by a solid range of 11-13 percent for zero-shot F1 scores
on unknown domains. This proves that the model generalizes well due to the
help of domain-specific tokens, thus satisfying the first and second objectives.

5.2 Few-Shot Learning Impact

This improvement indicates that adding domain tokens helps the model gen-
eralize better, especially when the domain’s vocabulary and semantics differ
significantly from the training data.
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Table 5: Few-Shot Learning Results (Books Domain)

Shots|Baseline|Domain Token
0 0.52 0.63
50 0.58 0.66
100 0.61 0.665

From Table 5 and Figure 4, the result of few-shot adaptation can be observed,
which covers Objective 2. It is seen that with only 50 labeled examples, the
Domain Token model produces an F1 score of 0.66, which is an improvement of
8% over the baseline. The effectiveness and applicability mentioned in Objective
4 have thus been established.

F1 Score Comparison Across Domains

mmm Books
mm Kitchen

F1 Score

Baseline Domain Token Few-Shot

Fig. 4. Few-Shot Learning Curve: F1-Score vs Number of Target Samples.

Figure 5 represents smooth convergence of training and validation loss, con-
firming that even in the addition of domain tokens, the model stays stable and
efficient (Objective 4). This confirms our claim of a lightweight and scalable ap-
proach suitable for multi-domain sentiment analysis in real-world applications.

5.3 Training Dynamics

In order to evaluate the robustness of the demonstrate, the training and valida-
tion loss for the domain token augmented demonstrate is measured over epochs.
As shown in Figure 5, the curves for the loss functions show a smooth conver-
gence with no sign of overfitting.
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Figure 4: Training and Validation Loss Curve

—&— Training Loss
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Fig.5: Training and Validation Loss over Epochs (Domain Token Model).

This indicates that the model is stable in training even with the addition of
domain tokens in each input instance.

5.4 Confusion Matrix Analysis

While the F1 measure takes a macro-view, the confusion matrix provides a class-
based perspective. The confusion matrix for the Books domain, under a zero-shot
setting using the domain token model, is depicted in Fig. 6. of overfitting.

Figure 6. Confusion Matrix - Books Domain (Domain Token Model)

%I

Positive Negative
Predicted Label

Positive

©
a
©
3
o
=
=

Negatlve

Fig. 6: Confusion Matrix on Books Domain (Zero-Shot, Domain Token Model).

The confusion matrix in Figure 6above gives a class-level verification that
corresponds to Objective 1 and Objective 2. Both negative and positive classes
achieve accurate classification and a minimal rate of false positives and false
negatives, confirming that domain tokens contribute to learning domain-specific
sentiment trends without overfitting the provided domains.

5.5 Observations

Among the key observations derived from our experiments are:
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— Domain token injection improves S-Zero Shot Generalization and brings 10-
13
— Few-shot learning further improves the results, requiring just 50 labeled sam-

ples.

— The training procedure is stable, and no changes are required to the archi-
tecture.

— This method is computationally efficient and thus suitable for a real-life
scenario.

Compared with more recent domain adaptation methods such as Wang et al.
[22] and Chen [24], our domain token augmented model shows comparable per-
formance in zero-shot as well as few-shot learning environments. With a more
complex domain adaptation approach like Wang et al. [22] employing causal do-
main generalization or in the work published by Chen [25] using transfer learning
between domains, we can obtain an equal or even higher F1 score (up to 0.66)
using a much simpler domain adaptation approach that requires less annotated
data.

6 Conclusion and Future Scope

In this work, an efficient and flexible approach to cross-domain sentiment anal-
ysis is proposed, leveraging the inclusion of domain-specific tokens within the
pre-trained transformer model as an effective strategy. In contrast to the more
prevalent domain adaptation strategies that feature architectural transforma-
tions or extensive retraining, the current approach does not require such trans-
formations, making the adaptation process much more seamless over different
domains. On the Amazon review datasets, the approach highlights improved
performance on the classification task over the current state-of-the-art methods,
especially within the zero-shot or few-shot transfer regimes.

Future work can also explore the extension of domain tokens using hier-
archical domain tokens to encode more contextual information. Unsupervised
learning methods can also be explored for automatically learning domain tags
in an unsupervised setting for unlabelled corpora. The approach can be further
generalized in the domain of natural language processing tasks.
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