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ABSTRACT Topical shifts—differences between the topic distribution in training and test data—can
substantially reduce the performance of non-topical text classification and regression models. In this work,
we propose a modified sampling procedure for the contrastive loss to make it more robust to the topical
shifts. We also investigate how to increase robustness to such shifts by combining Adversarial Domain
Adaptation (ADA) with a modified contrastive learning objective. The method jointly minimizes label
prediction loss, adversarial domain loss, and a contrastive loss designed to reduce the dependence on topic-
related confounders. We evaluate the approach on two tasks: sentiment prediction in Amazon Reviews
and user education degree identification in the PASTEL dataset. Across both tasks, the proposed method
improves robustness under topical shifts, reducing the mean absolute error in text regression and increasing
the Quadratic Weighted Kappa (QWK) in text classification. These results demonstrate that jointly applying
ADA and confounder-aware contrastive learning can mitigate topic sensitivity and yield more reliable text
prediction models.

INDEX TERMS Adversarial learning, Bert, contrastive loss, non-topical classification, text regression, text
classification.

I. INTRODUCTION
Non-topical text classification refers to NLP tasks that predict
a latent property of a text that is not directly tied to its
topical content. Typical examples include style or politeness
prediction, readability estimation, and author profiling tasks
such as age, gender, or first-language identification [1]. These
tasks are widely used in information retrieval, computer-
assisted language learning, and linguistic analysis.

A key challenge in non-topical classification is the
presence of topical shifts, i.e., variations in topic distributions
between training and test data [2], [3], even when using
the latest large language models (LLMs) [4]. Such shifts
implicitly encourage models to rely on spurious topical
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cues rather than on features genuinely associated with
the target non-topical variable. Beyond topical variation,
other forms of distributional shift (e.g., domain changes or
demographic imbalance) can substantially degrade classifier
performance. For instance, a shift in the gender distribution
may amplify gender-related biases [5]. Similar issues arise
in text regression tasks, where distribution shifts can lead to
biased or unstable predictions [6]. However, in contrast to
classification, the effects of topical and distributional shifts
on text regression remain underexplored.

Let X denote a text input and Y denote a non-topical
target variable (categorical or continuous), and D denote a
domain or topic label. We consider the supervised learning
setting in which a model is trained on data drawn from one
or more source domains Ds and evaluated on data from an
underrepresented or unseen target domain Dt . The objective
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is to learn a predictor fθ (X ) that is invariant to shifts inD, i.e.,
robust to changes in topical or domain distributions, while
accurately predicting Y .
Domain adaptation techniques offer a promising direction

for reducing model reliance on topic-specific features.
In particular, Adversarial Domain Adaptation (ADA) [7]
aims to learn domain-invariant representations by jointly
training (i) a feature extractor, (ii) a domain discriminator,
and (iii) a target classifier or regressor. The feature extractor
and classifier are optimized to achieve high prediction
quality while simultaneously preventing the discriminator
from distinguishing source and target domains.

The problem of topical shifts affects not only text
classification tasks but also tasks such as Named Entity
Recognition (NER) [8], [9] and Question Answering (QA)
[10]. For these tasks, the problem of topical shifts can be
aggravated by label sparsity, which has led to benchmarks
such as ColdQA [11] and CLIFT [12] for testing the
robustness of models for Question Answering. However,
the embeddings used for text classification and regression
differ from those trained for NER and QA. Because question
answering and NER require fine-grained, context-dependent
representations, methods optimized for these tasks do not
necessarily promote the invariant, holistic features needed for
robust text classification or regression.

Datasets, such as Amazon Reviews [13] provide a natural
testbed for evaluating robustness to topical shifts due to
their coverage of more than twenty product categories. The
strong class imbalance and ordinal nature of sentiment labels
motivate the use of metrics that account for orderedmisclassi-
fication; hence we adopt Cohen’s Quadratic Weighted Kappa
(QWK) [14], [15].

Topical shifts also substantially affect author profiling
tasks. The PASTEL dataset [16], which contains demo-
graphic and socio-political annotations (e.g., gender, age,
education level), enables systematic evaluation of such effects
in both classification and regression settings.

This work investigates the sensitivity of Transformer-based
models to topical and distribution shifts in non-topical text
classification and regression.We further evaluate the extent to
which adversarial domain adaptation mitigates these effects.
Our main contributions are as follows:

1) We demonstrate that BERT-based classifiers and
regressors exhibit significant performance degradation
under topical shifts across multiple non-topical tasks
(subsection VII-A).

2) We evaluate ADA-based adversarial models for sen-
timent regression and education-degree classification,
showing that adversarial training improves robustness
on underrepresented domains and reduces reliance on
spurious topical features.

3) Wemodify the sampling algorithm for Contrastive Loss
so that it is adjusted to reduce the effect of the topical
shifts and show that it improves the metrics of the
BERT-based models for rating review classification

and regression and education degree classification and
regression.

4) To the best of our knowledge, we are the first to train
regressors and classifiers with a joint loss combining
ADA and the modified Contrastive Loss to reduce the
effect of topical shifts and demonstrate a 3-4 point
improvement in QWK and up to a 5% decrease in
MAE for the tasks of classification and regression,
respectively.

Overall, our findings highlight persistent vulnerabilities of
state-of-the-art NLP models to distribution shifts and show
that adversarial approaches constitute a viable direction for
developing more domain-invariant predictors.

II. RELATED WORK
The problem of distribution shifts has been extensively
studied across natural language processing and machine
learning. Prior work has explored a wide range of techniques
for mitigating mismatches between training and deployment
domains, including embedding manipulation, adversarial
learning, causal modeling, and robust classification frame-
works.

Early efforts to address distribution shifts examine direct
manipulations of word embeddings. For example, [17]
modifies the embeddings of domain-specific ‘‘weird’’ words
that are characteristic of a target corpus. While effective for
lexical-level adaptation, such methods do not incorporate
adversarial objectives and operate on static embeddings.
In contrast, our work focuses on contextual representations
produced by pre-trained language models, and leverages
adversarial training to suppress domain-related features.

There are variousmethods to evaluate robustness ofmodels
for NLP tasks. Certain approaches [18] focus on exposing the
models to adversarial attacks and estimating how the quality
of predictions changes with the intensity of the attacks. There
are studies [19] that emulate the adversarial attacks using
dropouts. However, our primary focus is to test the model
robustness to natural rather than adversarial topical shifts,
in which the test distribution is different in the absence of
an attack. This approach is similar to [3] and [20] where the
authors perform testing on controllably biased datasets. For
example, in our case, we control the topical shift in Amazon
Reviews by training a sentiment classifier on reviews from
one category and testing it on a different category.

Adversarial Domain Adaptation (ADA) [7] is a widely
used approach for reducing the discrepancy between source
and target distributions. The original ADA formulation
addresses knowledge transfer from a label-rich source
domain to a label-scarce target domain for cross-domain text
classification. In the last few years, numerous improvements
to Adversarial Domain Adaptation have appeared [21],
including Energy-based ADA [22], Meta ADA [23]. How-
ever, the general principle of those methods is the same.
Unlike ADA, which aims to improve target-domain perfor-
mance through representation alignment, our objective is
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to minimize the influence of domain-specific attributes—
topical information in Amazon Reviews and gender-related
features in PASTEL—rather than to perform classical domain
transfer.

A substantial body of work investigates sentiment analysis
on the Amazon Reviews dataset [24]. Traditional approaches
rely on classical machine learning models. For instance, [25]
employs Bag-of-Words vectorization paired with Decision
Tree and Logistic Regression classifiers. Other studies
explore a range of statistical and neural architectures.
Reference [26] compares Logistic Regression, Naïve Bayes,
SVM, CNN, and RNN models for 5-star rating prediction
and further introduces the Hybrid Sequential Binary Classifi-
cation (HSBC) framework. However, their analysis does not
incorporate modern Transformer-based architectures such as
BERT.

More recent work leverages BERT-based models for sen-
timent prediction [27], [28], [29]. While these studies align
with our use of contextualized language models, they do not
employ adversarial mechanisms to suppress domain-specific
biases or to improve robustness under distribution shifts.

Existing approaches on Amazon Reviews predominantly
treat the problem as a classification task, despite the inher-
ently ordinal structure of the five rating labels. Moreover,
prior work evaluates models using accuracy or F1 score,
metrics that do not account for error severity. In contrast,
we adopt Cohen’s Quadratic Weighted Kappa [14], which
better reflects the ordered nature of the labels. It has been
actively used for ordinal classification [30] and ordinal
quantification [31].

Furthermore, none of the reviewed studies explicitly target
the mitigation of topical shifts for either regression or
classification on Amazon Reviews. Although topical shift
detection has been examined in other domains, such as
political topic classification [32], methods for reducing
topical bias in sentiment prediction remain underexplored.

Causal models [33], [34], [35] and large causal mod-
els [36], [37] describe mechanisms for reducing spurious cor-
relations by removing the influence of confounding variables
that affect both the text distribution and the target label. Such
methods offer a principled way to mitigate topical biases.
However, state-of-the-art causal NLP techniques typically
require significant computational resources and complex
model architectures. Due to these practical constraints, we do
not incorporate causal modeling in our experiments, though
it remains a promising complementary direction.

There have already been studies combining adversarial and
contrastive learning [38], [39], [40]. However, those studies
were applied to the problem of domain adaptation where the
goal was to increase accuracy on a specific domain instead
of making the text embeddings domain- or topic-invariant.
Moreover, the authors do not propose a modification of
the contrastive loss that stimulates the text embeddings to
be domain-invariant. Finally, those studies do not consider
applying the combination of adversarial loss and contrastive
learning to the task of regression.

Overall, prior work has examined adversarial adaptation,
embedding manipulation, and sentiment analysis on Amazon
Reviews, but no existing study addresses the reduction of
topical biases in both classification and regression settings
using adversarial and contrastive training on contextualized
embeddings. Our work fills this gap by introducing a modi-
fied contrastive loss that explicitly suppresses domain-related
features while maintaining predictive QWK score. In addi-
tion, we propose a joint mechanism combining the adversarial
and contrastive loss functions. The main novelty of this
paper lies in a confounder-aware positive sampling strategy
for contrastive learning, its integration into a joint training
objective, and its application to text regression tasks.

III. METHODOLOGY
To mitigate the effects of distributional and topical shifts,
we propose an adversarial modification to BERT-based archi-
tectures. This section details the components of our approach,
including Adversarial Domain Adaptation, Contrastive Loss,
and our proposed joint training objective.

A. ADVERSARIAL DOMAIN ADAPTATION
Adversarial Domain Adaptation (ADA) is a technique rooted
in Unsupervised Domain Adaptation (UDA) [41]. It has
demonstrated promising performance across numerous NLP
tasks in recent years [7].
The architecture typically consists of a shared feature

extractor f = Gf (x), a label predictor y = Gy(f ),
and a domain discriminator d = Gd (f ). The domain
discriminator d aims to distinguish between the source and
target domains, while the feature extractor f is trained to
deceive the discriminator, thereby learning domain-invariant
representations. This adversarial training process can be
formulated as a minimax game:

min
Gf ,Gy

Ly(Xs,Ys)− λADALd (Xs,Xt ), (1)

min
Gd

Ld (Xs,Xt ), (2)

where Ly denotes the cross-entropy classification loss for
the target label, and Ld represents the domain classification
loss. The hyperparameter λADA controls the intensity of the
adversarial adaptation.

B. CONTRASTIVE LOSS
Our contrastive approach is based on the loss function
proposed in [42]. The primary motivation is to enforce
compactness in the embedding space for texts sharing the
same target label.

Consider a batch I . Let A(i) = I \ {i} denote the set of
indices for all elements in the batch excluding i. Furthermore,
let P(i) denote the set of indices for all texts where the target
label matches that of text i. The contrastive loss is defined as:

LCL =
∑
i∈I

−1
|P(i)|

log
exp(zi · zp/τ )∑

a∈A(i) exp(zi · za/τ )
, (3)
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TABLE 1. The distribution of the review labels in the sampled Amazon reviews dataset. For each category, the training subset contains 6000 texts, the test
subset contains 2000 texts.

where zi, zp, and za are the embeddings of the anchor
text xi, the positive sample xp, and the negative sample xa,
respectively. The parameter τ denotes the temperature; a
higher τ reduces the sensitivity of the loss function to the dot
product zi · zp.
The total loss function for this component is formulated as:

Ltotal = (1− λCL)Lce + λCLLcl, (4)

where Lce is the standard cross-entropy loss.
The hyperparameters for this method include:
• λCL: The weight assigned to the contrastive loss term.
• K = |P(i)|: The number of positive elements to sample.
• τ : The temperature scaling factor.
• Sampling Strategy: The method for selecting positive
examples (e.g., random sampling or similarity capping).
As shown in [42], model performance is comparable
between random sampling and similarity capping.

Similarity capping involves selecting positive examples
whose embeddings are closest to the anchor text i in the vector
space.

In this work, we propose the following modifications to the
standard contrastive framework:
• Confounder-aware Positive Sampling: We extend the
definition of positive pairs. We select examples that
share the same target label, but have the opposite
confounder value (see 1). This encourages the model
to learn label-relevant features that are invariant to the
confounding variable.

• Loss Normalization: To ensure consistent scaling
across different loss components and to remove depen-

Algorithm 1 Confounder-Aware Sampling for Contrastive
Loss
Require: I - the batch to process
Require: last_epoch_output
Require: last_epoch_emb
Require: last_epoch_confounder
Require: ground_true
1: for each i ∈ I do
2: potential_positives← []
3: for j := 1 to n do
4: if ground_truej == ground_truei and

last_epoch_outputj ̸= ground_truej
and last_epoch_confounderj ̸=

last_epoch_confounderi then
5: potential_positives.add(j)
6: end if
7: end for
8: end for
9: if len(potential_positives) == 0 then
10: return []
11: end if
12: allow_replacement ← (len(potential_positives) < k)
13: P ← random_sample(potential_positives, size = k,

replacement = allow_replacement)
14: return P

dence on batch size and the number of positive examples
per text, we normalize the contrastive loss LCL . This
is achieved by dividing LCL by a normalization factor
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Nnorm, which bounds its magnitude by 1:

Nnorm =
B
k
·max(| logm|, | logM |), (5)

where B represents the batch size and

m :=
exp(−1/τ )

(B− 1) · exp(1/τ )
, (6)

M :=
exp(1/τ )

(B− 1) · exp(−1/τ )
, (7)

We normalize the contrastive loss in this way only to
simplify the process of selecting the hyperparameters.
Otherwise, a loss without normalization becomes wildly
different for different tasks and text domains, making it
impossible to compare the optimal value of λCL .

• Label Grouping (Amazon Reviews): To adapt the
contrastive loss for the ‘5’-star AmazonReviews dataset,
we aggregate classes ‘1’ and ‘2’ into a low score
subgroup, and classes ‘4’ and ‘5’ into a high score
subgroup. An example is considered positive if its target
class belongs to the same subgroup as the anchor.
The label grouping follows Amazon’s official feedback
definition: ratings of ‘4’ and ‘5’ stars correspond to
positive feedback, ratings of ‘1‘ and ‘2‘ stars correspond
to negative feedback, and ‘3’-star ratings are treated as
neutral. This grouping aligns the contrastive objective
with the semantic interpretation of sentiment in the
Amazon Reviews platform.

C. JOINT OBJECTIVE: CONTRASTIVE LOSS + ADA
We further propose a combined architecture integrating both
Contrastive Loss and Adversarial Domain Adaptation.

Let LADA denote the loss function minimized with ADA
Equation 1.

LADA = Ly(Xs,Ys)− λADALd (Xs,Xt ), (8)

The final objective function is defined as:

min
Gf ,Gy

λCLLcl + (1− λCL)LADA (9)

min
Gd

Ld (Xs,Xt ), (10)

This hybrid method incorporates the hyperparameters
from both the ADA and Contrastive Loss frameworks to
simultaneously align domains and refine class boundaries.

We evaluate all values of λADA ∈ {0.01, 0.05, 0.2, 0.5, 0.8}
and λCL ∈ {0.02, 0.05, 0.1, 0.2, 0.5, 0.9}. The best combina-
tion we found is λADA = 0.05, λCL = 0.05.

IV. DATA
We use the Amazon Reviews dataset to train and test our
models for sentiment analysis. We select 24 topic categories
with enough data from the original dataset and sample 8,000
texts containing at least 50 words for each of them. Such a
minimum length is selected to stabilize the model training.
The threshold of 50 words approximately corresponds to the
10th percentile of the array of all the lengths in the dataset.

TABLE 2. The distribution of the education degrees in the PASTEL dataset.

We randomly split these datasets into training and test sets in
a 3:1 ratio, so that the training subset contains 6000 texts, and
the test one has 2,000 texts.

For Amazon Reviews, we select the categories with at least
10K textual examples. We remove the texts containing less
than 50 words. The remaining texts are randomly split into
training and test sets. For each category, we select 6000 texts
to train and 2000 texts to test. In the original dataset, the
number of texts exceeds 6K for most categories. However,
to eliminate dependence of the metrics on the number of texts
for different categories from Amazon Reviews, we randomly
sample 6K examples for train and 2K examples for test for
each category. It is shown in [43] that even with a training
dataset of size 1,000, BERT fine-tuning is stable enough.
Hence, sampling a subset of 6K examples for each category
should not affect the model performance.

Another dataset we use in our study is PASTEL [16].
It contains detailed information about the authors of the
texts, including the gender, age, education degree, country of
origin, and even the political leaning. In the PASTEL dataset
Table 2, the share of texts written by people with a Master’s
degree is higher among the male writers, although it is close
to 50% for both genders.

V. METRICS
The main metric we use to compare the models for
classification on PASTEL is F1 score. To evaluate the
regression models, we use Mean Absolute Error (MAE). For
sentiment analysis classification on the Amazon Reviews
dataset, the macro f1 metric has the issue that it does not take
into account the distance between the classes. To address it,
we use Quadratic Weighted Kappa (QWK) [14]. Its formula:

κ = 1−

N∑
i=1

N∑
j=1

wijOij

N∑
i=1

N∑
j=1

wij Eij

(11)

wij =
(i− j)2

(N − 1)2
, (12)

Eij =
(
∑

k Oik )(
∑

l Olj)∑
i,j Oij

, (13)

where O is the observed rating histogram (confusion matrix),
E is the expected histogram under the assumption of
independence, wij is the quadratic weight between rating
categories i and j, N is the total number of rating categories.
For Amazon Reviews, N = 5.
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FIGURE 1. Rating classification with Adversarial Domain Adaptation (ADA) on Amazon
Reviews, Quadratic Weighted Kappa.

VI. EXPERIMENT SETUP
On the Amazon Reviews dataset, we solve the task of
sentiment analysis. On PASTEL, we train a model for
identification of the education degree of the author. We aim
to train a classifier or regressor robust to distribution shifts.

We test the robustness of the regressors and classifiers to
shifts in the category/topic distribution in Amazon Reviews
and to shifts in the gender distribution. For each available
category in Amazon Reviews and gender in PASTEL,
we construct a training dataset of 75% of the texts where
this category/gender prevails and add 25% of the texts
from another category/gender, then compute the metrics
of the trained model on the texts from category/gender
underrepresented in the training data. In addition, we carry
out the same experiment when the prevailing category/gender
is present in 90% of the texts in train.

For all the experiments, we usemultilingual BERTwith the
base configuration (12-layer, 768-hidden, 12-heads, 125M
parameters) as a baseline. In our experiments, we use
Adam with learning rate of 10−5 for both classification and
regression, since this value is proposed in [22] and [44].
For all the experiments with Contrastive Loss, we use τ =

0.5,K = 5 because these values show the best performance
in [42]. In order to reduce the computational cost of our
experiments, we avoid applying similarity capping.

For regression on PASTEL, we use Support Vector
Regression (SVR) [45] on top of the BERT embeddings. The
process consists of two parts. We first train both our vanilla
BERT and adversarial regressors end-to-end as usual. Then
we extract the embeddings of those models and train SVR on
them using exactly the same training dataset as for training the

neural regressors. This technique is proven to be efficient for
the regression tasks such as essay scoring [46]. This approach
is useful when the embedding spaces of the target classes
are not linearly separable. We select the optimal value of the
hyperparameter C from [47]: C = mean(y) + 3σ (y), where
y is the vector of the ground-truth labels, σ (y) is the standard
deviation.

We apply the end-to-end approach to classification for
PASTEL and both classification and regression tasks on
Amazon Reviews, as otherwise the end-to-end regression
model on PASTEL does not converge. Whether we use ADA,
Contrastive Loss, and their combination or not, the MAE on
bothmale and female texts for the end-to-endmodel is around
0.4, which is only slightly better than a random classifier.
We suppose that the reason for such an outcome is the noise
in the PASTEL dataset because its authors relied heavily on
crowd-sourced labels. There are studies [48], [49] showing
that SVR can be helpful for text regression on noisy datasets.

Table 1 shows that the dataset for Amazon Reviews is
highly unbalanced and the reviews with labels 4 and 5 prevail.
For this reason, we perform upsampling to avoid degeneration
of the classifier and regressor, which would otherwise cause
the model to predict values between 4 and 5.

For each category categoryi, we train a baseline BERT
model on it. We select two other categories test_category1i
and test_category2i, on which MAE of the trained model
increases the most. For the category categoryi, we create a
training dataset consisting of 75% of the texts of categoryi
and 25%of texts from test_category1i. The test subsets of cat-
egories test_category1i and test_category2i are used to test
the model in subsubsection VII-B2.We conduct an analogous
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FIGURE 2. Rating classification with contrastive loss on Amazon Reviews, Quadratic
Weighted Kappa.

experiment for classification (see subsubsection VII-B1), but
using QWK instead of MAE.

VII. RESULTS
A. MODEL SENSITIVITY TO THE CONFOUNDER
We first evaluate the effect of the potential confounders
before attempting to reduce it. We train BERT-based classi-
fiers to evaluate macro F1 score for prediction of the category
for Amazon Reviews and the gender for PASTEL.

The category classifier attains 59% macro F1 score
when it tries to identify the text category among the
24 possible variants Table 1. The PASTEL gender classifier
attains around 80% F1 score. This reveals that BERT-based
models are sensitive to confounder-related features. It could
potentially cause distributional shift issues. For example, for
Amazon Reviews it can negatively affect the performance of
the category which is not present in the training data.

B. AMAZON REVIEWS
1) RATING CLASSIFICATION
Figure 1 and Figure 2 show the results for classification
on Amazon Reviews. The values of QWK for ADA with
λADA = 0.05 are generally higher than those for the base
BERT and ADAwith λADA = 0.2. Moreover, ADA improved
the QWK score for 15 categories, whilst Contrastive Loss
improved the QWK score for 19 categories. It can be seen
that beyond a certain value of λADA, the classification quality
begins to decline. For Contrastive Loss, a significant decline
in QWK occurs with λCL ≥ 0.8.
The optimal range of values of λCL is between 0.01 and

0.2. For ADA, it is between 0.01 and 0.05.
We also experiment with applying ADA and Contrastive

Loss together. The best combination we found is λADA =

0.05, λCL = 0.05. According to Figure 3, combining ADA
and Contrastive Loss increases the value of QWK. It shows
that the adversarial methods can improve performance of
each other when applied together.

2) RATING REGRESSION
According to Figure 4 and Figure 5, Adversarial Domain
Adaptation and contrastive loss reducesMeanAbsolute Error.

Figure 6 and Figure 3 show that the model trained
with joint adversarial and contrastive loss attains the
results either comparable with the best of these methods
separately or even slightly better. The optimal pair of
hyperparameters (λADA and λCL) is slightly different, but
still close to the optimal values selected separately for each
method.

Figure 4 shows the result for regression on Amazon
Reviews when the prevailing category makes up 75% of the
training dataset. When the share of the prevailing category is
75%, the best result on the test1 and test2 for most categories
is attained with λADA = 0.2 and λADA = 0.05. In the
case where the share of the prevailing category is 90%,
the optimal lowest MAE for most categories is achieved
with λADA = 0.5.

We can see that for the vast majority of categories, ADA
helps to reduce the MAE. In addition, the more shifted the
training dataset is, the higher value of λADA is required to get
the optimal result. Moreover, regardless of the degree of bias
in the training dataset, the values λADA = 0.05 and λADA =
0.2 still decrease MAE for most categories.

Figure 10 and Figure 11 show that Contrastive Loss attains
more accurate results for regression than the vanilla BERT,
but ADA is still better. For Contrastive Loss the optimal λCL
is around 0.2.
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FIGURE 3. Rating classification with ADA, Contrastive Loss, and the joint loss function
on Amazon Reviews, Quadratic Weighted Kappa.

FIGURE 4. Rating regression with adversarial Domain Adaptation (ADA) on Amazon
Reviews, Mean Absolute Error. The results on dev and test for
λADA = 0.0, 0.05, 0.02, 0.5.

C. PASTEL: CLASSIFICATION AND REGRESSION OF THE
EDUCATION DEGREE
Figure 7 shows that ADA improves the F1 score when
tested on the female texts regardless of the training dataset.
However, there is no improvement for texts written by male
authors. For contrastive learning, the outcome is similar:
Figure 8.
The results for regression Figure 9 on PASTEL show

that usage of ADA decreases MAE significantly on the test
dataset. In most cases, the value of λADA when theMAE is the
lowest is λADA = 0.2. Moreover, the MAE decrease on the

test dataset is more remarkable than that on the dev dataset.
It matches the intuition that ADA improves the quality of
regression on the data where the text distribution is different
from that in train.

We also evaluate different values of λADA - the ones
lower than 0.05 and those higher than 0.5. The closer
λADA is to 0, the closer the predictions are to those
of the BERT classifier. In contrast, selecting λADA >

0.5 pushes the predictions closer to those of BERT, but does
not improve the accuracy and and F1 scores attained by
λADA = 0.2.
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FIGURE 5. Rating regression with contrastive loss on Amazon Reviews, MAE. The
results on dev and test for λCL = 0.0, 0.05, 0.01, 0.5.

FIGURE 6. Rating regression with ADA, Contrastive Loss, and the joint loss on Amazon
Reviews, MAE. The results on dev and test for the best values of λADA and λCL.

On Amazon Reviews, Contrastive Loss shows better
performance than ADA. On PASTEL, the situation is the
opposite. It might be caused by noise from the PASTEL
dataset.

VIII. ABLATION STUDY
In this section, we conduct a series of ablation and diagnostic
experiments to better understand the training data and the
behavior of the proposed methods and to disentangle the
contributions of their individual components. We analyze
model errors using confusion matrices and qualitative
failure examples, examine the structure of learned feature

spaces through embedding visualizations, and compare the
confounder-aware contrastive loss with its standard variant.
In addition, we investigate robustness under varying degrees
of distributional shift and analyze performance asymmetries
across demographic subgroups. Together, these experiments
provide insights into themechanisms underlying the observed
performance gains and the robustness properties of adversar-
ial and contrastive training.

We present confusion matrices Figure 12 for the clas-
sification models we trained. The results show that most
classification errors occur when the model predicts a class
neighboring the ground-truth label rather than a distant
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FIGURE 7. Text classification of the author’s educational degree on
PASTEL using Adversarial Domain Adaptation. The plot shows the
dependence of MAE on the training configuration and the parameter
λADA. When λADA = 0.0, the model corresponds to the standard BERT.

FIGURE 8. Text classification of the author’s educational degree on
PASTEL using contrastive loss. The plot shows the dependence of MAE on
the training configuration and the parameter λCL. When λCL = 0.0, the
model corresponds to the standard BERT.

FIGURE 9. Text regression of the author’s educational degree on PASTEL
using Adversarial Domain Adaptation. The plot shows the dependence of
MAE on the training configuration and the parameter λADA. When
λADA = 0.0, the model corresponds to the standard BERT.

FIGURE 10. Text regression of the author’s educational degree on PASTEL
using contrastive loss. The plot shows the dependence of MAE on the
training configuration and the parameter λCL. When λCL = 0.0, the model
corresponds to the standard BERT.

one. There are relatively few cases in which texts with
ground-truth labels 4 or 5 are misclassified as 1 or 2.
According to the Amazon Reviews labeling scheme, ratings
of 1 and 2 correspond to negative feedback, whereas
ratings of 4 and 5 indicate positive feedback. Distinguishing
between ratings 4 (rather positive) and 5 (strongly positive)
can be challenging, as the language features used in
the corresponding reviews are highly similar. Overall, the
confusion matrices support the adequacy of the trained
classifiers. In particular, ADA+CL improves accuracy for

FIGURE 11. Text regression of the author’s educational degree on PASTEL
using Adversarial Domain Adaptation, contrastive loss, and joint loss.
Comparison of the best configurations (λADA = 0.2 for ADA,
λCL = 0.05 for CL, λADA = 0.2, λCL = 0.1 for ADA+CL).

TABLE 3. PASTEL. LLaMA 3.2 3B results. The highest F1 score and the
lowest MAE are in bold.

TABLE 4. Examples of texts from Amazon reviews that are correctly
classified by the model trained with ADA and missclassified by the vanilla
BERT. 75% of the training dataset are the texts about video games, 25%
texts in train are about digital music.

texts with ground-truth labels 3 and 4, while slightly reducing
performance along the main diagonal for texts with labels
1 and 5. This behavior is expected, as positive and negative
reviews often contain clear lexical cues that facilitate their
identification. The reduced confusion between neutral and
positive reviews and between neutral and negative reviews
observed for ADA+CL indicates that models trained with
adversarial and contrastive objectives learn more nuanced
features beyond simple keyword associations. As a result,
models incorporating adversarial training exhibit increased
robustness to topical shifts.

In addition, we analyze the mistakes of the classifiers.
Table 4 shows examples of texts that were misclassified
by the vanilla BERT, but were classified correctly by the
model trained with ADA. The first text is from the Digital
Music category and the second one is from the Kindle Store
category. 25% of the training data for both models consists
of Digital Music texts, and there are no texts in the training
set from the Kindle Store category. The texts contain clear
topical shifts and a reader can easily identify that the first text
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FIGURE 12. Confusion Matrices for vanilla BERT and ADA + Contrastive Loss for all the Amazon Reviews categories.

concerns music and the second one is about a book. The most
challenging for classifiers is to distinguish the neutral reviews
(marked as 3) for the positive and negative ones since the
lexicon used to identify textual neutrality is relatively limited.
It corresponds to the fact that the neutral reviews are often
misclassified as negative or positive ones as shown in the
confusion matrices Figure 12.

To better understand the structure of the feature spaces
of our models, we visualize the embeddings Figure 13 of
the classifiers on Amazon Reviews trained on the texts
from the Movies category. We use the Scikit-learn [50]
implementation of t-SNE [51]: TSNE(random_state =

42, n_iter = 4000). The visualized embeddings of the textual
reviews for all the models form two clusters: one consisting
mostly of negative reviews (labels 1 and 2) and the one
consisting mostly of positive ones (labels 4 and 5). It can be
seen that the neutral reviews are not separated clearly from the
positive and negative ones. This observation is consistent with
the conclusions drawn from the confusion matrix analysis.

Since we introduce a change to the standard version of
the contrastive loss by making it confounder-aware, it is
important to understand how it performs compared to the
standard loss. We perform an experiment for all the Amazon
Reviews categories. We observe that our confounder-aware
modification increases the QWK score by around 2.3% for
classification and decreases the MAE by around 1.4% for
regression. It shows that our modification of the contrastive
loss is effective for combating the effect of distribution
shifts. We also conduct an experiment using a positive-pair
sampling strategy with similarity capping; however, it yields
only a minor improvement of 0.2% while nearly doubling the
training time.

For classification on the Amazon Reviews category named
Books, we also provide experiments on different train/test
split scenarios to investigate how the intensity of the distri-
bution shifts affects robustness of our models. In addition to
mixture ratio=75, we also evaluate mixture ratio=67, 70, 80,
90, 95 with 10 different random seeds. We compute the mean
value and std for QWK and perform a t-test for dependent
samples to understand whether the improvement of ADA
and CL over the vanilla BERT is statistically significant.
We find that for mixture share=67, 70, and 80 all the
methods show an improvement over the vanilla BERT with
p-values < 0.04. Moreover, the less bias in the dataset, the

higher is the advantage of the adversarial methods over the
vanilla BERT. However, for mixture ratio ≥ 90 there is
no statistical improvement achieved by the adversarial and
contrastive methods. We conduct the analogous experiment
for regression and get the same conclusion with the only
difference that the p-values for regression are slightly higher.
The reason for lack of improvement when trained on the
heavily biased datasets could be that the discriminator for
the ADA and ADA+CL erodes to almost always predicting a
constant value since ≥ 90% examples it sees are of the same
class.

In addition, we analyze the performance of our classifiers
and regressors trained on the PASTEL dataset. Figure 7 and
Figure 9 show a significant asymmetry between classification
and regression performance on texts written by male and
female authors in predicting their education level. Figure 7
indicates that adversarial methods yield a larger increase in
the F1 score for male-authored texts than for female-authored
ones.We observe a significant correlation between text length
and author gender in the PASTEL dataset. For example, the
median text length is 38words for themale authors, compared
to 49 words for the female authors. Previous work [52] shows
that the performance of BERT-based classifiers deteriorates
when evaluated on texts longer than those seen during
training.

Moreover, for male authors, we identify a strong cor-
relation between text length and educational attainment.
Specifically, the median number of words in texts written
by male authors with a Master’s degree is 23, whereas it is
43 for male authors without a degree. In contrast, no such
correlation is observed for female authors: the median text
length is 51 words for authors with a Master’s degree and
46 words for those without a degree. This correlation for male
authors induces a spurious dependency between text length
and educational attainment and is highly likely to affect the
predictions of BERT-based classifiers and regressors, which
are known to be vulnerable to shortcut features [53]. This
phenomenon partly explains why performance metrics are
higher for male-authored texts.

IX. COMPARISON WITH LARGE LANGUAGE MODELS
LLMs are becoming more popular and are being used for a
wider set of tasks. For example, themodels like ChatGPT [54]
and LLaMA [55] are used for zero-shot classification [56].
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FIGURE 13. The embeddings for vanilla BERT, and ADA-only and CL-only models trained
on 75% texts of Movies and 25% texts of Arts.

In order to estimate applicability of the LLMs to the tasks
of text regression and non-topical text classification, we run
LLaMA3.2-3B to compare their MAE and F1 score to those
of the BERT-based models as well as the inference time.
We apply both zero-shot and few-shot prompts to understand
whether adding some instructions to the prompt is helpful
for increasing the quality of the predictions. We evaluate two
variants of few-shot prompts: 9 male examples + 1 female
example; 9 female examples + 1 male example.
For a more representative time evaluation, we run all the

experiments for PASTEL on the same GPU provided by

Google Colab. Inference for LLaMA requires more time and
consumes more computational resources. The time needed
to get responses on the test for the BERT-based model is
32 seconds. In contrast, LLaMA 3.2 needs 254 seconds (or
4 minutes) in the zero-shot mode and 1534 seconds (or
26 minutes) in the few-shot mode.

Table 3 shows the performance of LLaMA on the PASTEL
dataset. It reveals that a model based on the base BERT
architecture attains the quality comparable to the LLMs like
LLaMA, but with a lower consumption of the computational
resources and with a much lower inference time.
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It shows that for some tasks it is still efficient to fine-tune
relatively small BERT-based models instead of using LLMs
out of the box. It also confirms [57] which claims that for
tasks involving natural language understanding, encoder-only
models generally outperform decoder-only models, all while
demanding a fraction of the computational resources.

X. CONCLUSION AND FUTURE WORK
In this work, we addressed the problem of distribution
shifts—in particular, topical and gender-related shifts—
in both text regression and non-topical text classification.
We proposed an adversarial training framework based on
Adversarial Domain Adaptation (ADA) and Contrastive Loss
to reduce the influence of domain-specific features in pre-
trained language models. Our experiments on the Amazon
Reviews and PASTEL datasets demonstrate that adversarial
approaches effectively mitigate topical biases and improve
robustness to distribution shifts.

Our results show that ADA significantly enhances per-
formance when the training data contains topical variation;
however, when the topical signal is entirely absent from the
training set, ADA performs similarly or slightly worse than
vanilla BERT. We observe that the optimal ADA weighting
parameter λADA depends on the degree of dataset shift: more
heavily shifted datasets require higher values of λADA, yet
values above 0.5 tend to degrade performance. For PASTEL,
the optimal λ is approximately 0.2, while for Amazon
Reviews it is around 0.05. As a practical guideline, values
near 0.05 can be recommended when the degree of topical
shift is unknown.

For Contrastive Loss, the optimal weighting lies between
0.05 and 0.2, and this method outperforms ADA when the
training data is relatively clean. Moreover, for classification
tasks, combining ADA with Contrastive Loss yields higher
QWK than using either method individually.

Overall, our study shows that adversarial and contrastive
techniques provide effective mechanisms for suppressing
domain-related biases in both regression and classification
settings.

Future work may investigate more computationally
demanding causal-inference modeling techniques, adap-
tive and dynamically learned hyperparameter-scheduling
strategies, and cross-domain generalization using larger
and more diverse datasets. In particular, the choice of
hyperparameter-scheduling mechanism is likely to exert
a substantial influence on the effectiveness of adversarial
training—especially when adversarial and contrastive objec-
tives are jointly optimized. Although in this study we focus
on using the adversarial and contrastive approaches for the
English language, it is important to investigate how the
methods described in this study perform when the language
is treated as the confounder in the multilingual and cross-
lingual setup. We hypothesize that their application can help
improve the performance of the BERT-related regressors
and classifiers given that Adversarial Domain Adaptation is
known for its efficiency in cross-lingual settings [58], [59].

However, the exact values of the optimal hyperparameters
are likely to be highly dependent on the language prevailing
in train.

LIMITATIONS
Our experiments were conducted for the English language.
However, in theory, the optimal hyperparameters may depend
crucially on the language-based properties of the dataset.
Moreover, in our study we use two datasets for regression
and classification: Amazon Reviews and PASTEL. They are
taken from different sources and represent different genres
of texts, making our experiments more fundamental than
if we took datasets of the same genre. However, the texts
available on the Internet may belong to a much wider
variety of genres. Thereby, our study does not fully represent
real-world language diversity. Moreover, the PASTEL dataset
exhibits a spurious correlation between text length and
educational attainment for male authors. We hypothesize
that this effect arises from the dataset’s reliance on crowd-
sourced annotation. To mitigate the risk of training biased
models, it may therefore be beneficial to incorporate data
from additional sources rather than relying exclusively on the
PASTEL dataset.

ETHICAL CONSIDERATIONS
In our research, we do not label the data ourselves. Instead,
we use public datasets Amazon Reviews and PASTEL,
which are already labeled by their authors. Those datasets
are publicly available and only include the information
voluntarily shared by the authors of the texts. In addition,
these datasets respect anonymity of the authors of the
included texts and do not disclose information about the
names of the authors and their contacts such as email
addresses, phone numbers, or links to the social media.
Besides, one frequent ethical problem in modern NLP
applications is potential biases against specific groups. In our
research, we aim to reduce the reliance of BERT-based
models on the gender-related features for prediction of the
education degree. It helps to reduce the potential gender-
based biases.

APPENDIX
A. AMAZON CATEGORIES
Table 5 lists the original names of the categories from
Amazon Reviews.

B. THE BASELINE BERT MODELS
Figure 14 shows the difference between the MAE of the
model trained on this category on Amazon Reviews dataset.
The rows of the table denote the category on which the
model was trained. The columns denote the category on
which the model was tested. The number in the cell
(row_id, column_id) is the differences between the MAE on
the test subset for the category number column_id of the
regression model trained on the category row_id and the one
trained on the category column_id .
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FIGURE 14. MAE delta on the Amazon Reviews test dataset. On the X-axis is the
category on which the model was trained. On the Y-axis is the category where the
model was tested.

TABLE 5. The full names of the categories for amazon reviews.

We can see that almost all the number are positive. It means
that changing the category on which the model is trained
deteriorates the performance on the test if the testing texts
belong to a different category. Moreover, most numbers
are lower than 1.0. It means that in most cases the model
mislaccifies within one sentiment label and the prediction
remains more or less adequate.

Besides, there are two categories called Digital Music and
Kindle Store for which the MAE delta is the highest for most

categories. It could mean that the texts of these categories are
much different from those of other categories.

C. DERIVATION OF THE NORMALIZATION FACTOR
Assume that all embeddings zi are ℓ2-normalized. Then, for
any x, y ∈ I , we have

|zx · zy| ≤ ∥zx∥ ∥zy∥ = 1. (14)

This implies

−1 ≤ zx · zy ≤ 1. (15)

Since the exponential function is monotonic, it follows that

exp
(
−
1
τ

)
≤ exp

( zx · zy
τ

)
≤ exp

(
1
τ

)
. (16)

We define the constant

m :=
exp(−1/τ )

(B− 1) exp(1/τ )
. (17)

Since |A(i)| = B− 1 by definition, we obtain

m ≤
exp(zi · zp/τ )∑

a∈A(i) exp(zi · za/τ )
≤ M , (18)

where

M :=
exp(1/τ )

(B− 1) exp(−1/τ )
. (19)

Because the logarithm is a monotonic function, we can
bound the absolute value of the log-ratio as∣∣∣∣∣log exp(zi · zp/τ )∑

a∈A(i) exp(zi · za/τ )

∣∣∣∣∣ ≤ max
(
| logm|, | logM |

)
.

(20)
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Using this bound, we obtain the following inequality for
the contrastive loss defined in Equation 3:

|LCL | =

∣∣∣∣∣∑
i∈I

−1
|P(i)|

log
exp(zi · zp/τ )∑

a∈A(i) exp(zi · za/τ )

∣∣∣∣∣ (21)

≤

∑
i∈I

1
|P(i)|

max
(
| logm|, | logM |

)
(22)

=
B
k
max

(
| logm|, | logM |

)
, (23)

where k = |P(i)| denotes the number of positive samples per
anchor.
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