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Abstract

The task of perspective-aware classification in-
troduces a bottleneck in terms of parametric
efficiency that did not get enough recognition
in existing studies. In this article, we aim to
address this issue by applying an existing ar-
chitecture, the hypernetwork+adapters com-
bination, to perspectivist classification. Ulti-
mately, we arrive at a solution that can compete
with specialized models in adopting user per-
spectives on hate speech and toxicity detection,
while also making use of considerably fewer pa-
rameters. Our solution is architecture-agnostic
and can be applied to a wide range of base
models out of the box.

1 Introduction

In the recent years, perspective-aware approach to
subjective linguistic tasks has been gaining promi-
nence in NLP. This approach suggests that for tasks
that involve subjectivity, dataset designers should
collect multiple labels from different annotators for
each data instance; these labels need to be retained
and used in model training (Plank, 2022; Cabitza
et al., 2023; Fleisig et al., 2024). This policy is war-
ranted in tasks like hate speech detection, where
multiple labels assigned by annotators with diverse
backgrounds can be equally applicable. This no-
tion contrasts the popular practice of designating a
single supposedly correct label for each bit of data
while discarding conflicting annotator judgments.
Likewise, NLP researchers have argued that sub-
jective tasks require perspective-aware machine
learning methods, i.e., methods that can capture
diverse opinions based on unaggregated labels
(Akhtar et al., 2021). We are particularly interested
in the paradigm of strong perspectivism (Cabitza
et al., 2023). The latter suggests that much like
model personalization, separate models or repre-
sentations should be trained on labels produced
by individual annotators. In practice, this entails
one of the following: (1) training a full language
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model checkpoint on each annotator’s labels; (2)
when using PEFT methods (Houlsby et al., 2019),
training a separate adaptation component for each
perspective; (3) using a specialized language model
architecture.! We argue that both the first and the
second strategy require a prohibitive amount of
trainable parameters that increases with model size
and number of modeling targets (see discussion in
Section 6). To tackle this problem, we make use
of an architecture that employs a small trainable
module and adapts a model to diverse perspectives
while keeping most parameters frozen.

The core of our solution is the
hypernetwork+adapters combination. A
hypernetwork is a neural architecture in which
a source neural network is trained to predict the
weights of a target network; these weights are
subsequently used in inference (Ha et al., 2017).
Importantly, hypernetworks can also be used
to predict weights of adapters, including LoRA
adapters (Houlsby et al., 2019; Hu et al., 2022),
rather than weights of entire models. Adapters can
be defined as small trainable modules designed
for parameter-efficient tuning of NLP models
including large language models; compatibility
with adapters makes hypernetworks suitable for
the same task (Karimi Mahabadi et al., 2021; He
et al., 2022; Phang et al., 2023). We provide more
details on this architecture in Section 3. The novel
aspect of our work is that we attempt to repurpose
the hypernetwork+adapters combination for
perspectivist modeling and, by extension, model
personalization. We posit its strengths, i.e., the
reduction of trainable parameters, as a way to
address the mentioned bottleneck issue. To our
knowledge, this direction has not been thoroughly
explored in previous studies.

Our article makes the following con-

"Here, we do not consider few-shot and zero-shot learning,
as they do not fall under the training category.
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tributions. First, we consider whether
hypernetwork+adapters setting is generally
applicable to annotator-aware text classification.
Our results suggest that hypernetworks are well fit
for this task, albeit not unconditionally.

Second, in our experiments,2 we show that our
hypernetwork-based architecture performs on par
with recent perspectivist model architectures —
particularly, Annotator-Aware Representations for
Texts (Mokhberian et al., 2024), and Annotator Em-
beddings (Deng et al., 2023). At the same time, we
note the limitations of the proposed architecture
and attempt to address them.

Third, we demonstrate that the proposed archi-
tecture offers a better trade-off in terms of param-
eter efficiency than the baseline models. At the
same time, it also demonstrates a greater degree
of versatility: since the weights of the base model
are not being affected, there is no risk of forgetting
(Kirkpatrick et al., 2017) or degradation of the base
model’s fundamental capabilities. These properties
of our method make us believe that it has promise
in modeling subjective tasks.

2 Related work

Data perspectivism: the idea of preserving plu-
ralistic annotations in datasets has been discussed
for a considerable time (Artstein and Poesio, 2008)
and has been gaining increasing prominence across
various Al domains (Kumar et al., 2021; Kapa-
nia et al., 2023; Huang et al., 2023). Frenda et al.
(2024) provides a detailed survey of such perspec-
tivist datasets and methods, reflecting a paradigm
shift towards treating annotator disagreement not
as noise but as a source of valuable signal about
human variation.

Perspectivist learning: modeling human varia-
tion in labeling based on annotator perspectives
has been advocated in several recent studies (Plank,
2022; Cabitza et al., 2023). In terms of model-
ing techniques, various recipes have been explored,
including trainable crowd layers (Rodrigues and
Pereira, 2018); trainable tokens (Sarumi et al.,
2024); multi-task classification with annotator-
specific heads (Davani et al., 2022), and others.
Recently, studies have focused on active learning
(Baumler et al., 2023; Wang and Plank, 2023) and
few-shot perspective modeling (Golazizian et al.,

2Qur codebase has been made publicly accessible at
https://github.com/ruthenian8/Hypernets

2024; Sorensen et al., 2025) as two ways to deal
with data sparsity.

Strong perspectivism brings together perspec-
tivist learning and model personalization, which is
why recent methods from the latter domain are also
relevant to our research. In particular, studies by
Tan et al. (2024) and Clarke et al. (2024) show that
adapters and LoRA adapters can rival full model
finetuning on the LLM personalization task, even
when the number of trainable parameters is reduced
to a fraction of the original model size.

Finally, in our study, we are particularly inter-
ested in recent works that optimize encoder-based
classifiers against pluralistic labels and make use of
annotator embeddings (Deng et al., 2023; Mokhbe-
rian et al., 2024). In this work, we consider both of
these as our baselines.

Hypernetworks: The idea of hypernetworks has
its roots in an earlier concept of weight genera-
tors (Gomez and Schmidhuber, 2005) and aims to
constrain the search space when modeling com-
plex objectives through searching in the limited
weight space. Practically, this means generating
the weights of a target model by means of a sepa-
rate generator model (hypernetwork).

The title paper, published in 2017 (Ha et al.,
2017), had two additional objectives: reduction
of trainable parameters (1) and regularized train-
ing (2). The study proposed an implementation
of two network types: a CNN network generating
weights for another CNN network and an RNN net-
work producing weights for a target RNN. Their
results showed that the system achieves competi-
tive performance and reduces the trainable param-
eter count, effectively fulfilling its purpose. The
authors’ assumptions were further scrutinized in
follow-up works. As an example, a study by Soy-
daner (2020) applied hypernetworks to convolu-
tional autoencoder models and showed that the
weights of an autoencoder can be closely approxi-
mated by a much smaller hypernetwork, resulting
in significant reduction of trainable parameters.

Moreover, the ML community recognized early
the potential of hypernetworks in multitask learn-
ing. For instance, a study by Tay et al. (2021)
adapts a transformer model to a multitude of tasks
by predicting task-specific weights for the model’s
feed-forward layer using a hypernetwork. This
adaptation strategy is of particular interest to us
due to Davani et al. (2022)’s success in learning
perspectives through multi-task classification.
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Figure 1: Data flow within our hypernetwork implemen-
tation: the annotator id and the layer id are embedded
to adapt the target layer /; in the base model.

The above architectures leveraged hypernet-
works to predict the model’s own weights. How-
ever, the parameter-efficient finetuning paradigm
brought about an alternative approach, which is
to infer the weights of small trainable submodules
while leaving the weights of the main model intact.
Adapters are a specific instance of these submod-
ules (Houlsby et al., 2019); modeling them with
hypernetworks has led to impactful results in sev-
eral machine learning applications. Specifically, in
image generation, hypernetworks have been used
to personalize diffusion models achieving a consid-
erable speed-up compared to other methods (Ruiz
et al., 2023). In a different vein, in speech recog-
nition, Miiller-Eberstein et al. (2024) employed
hypernetworks to adapt ASR models to individual
speakers with atypical speech patterns. Their hyper-
network obtains a 75% relative reduction in word
error rate using only 0.1% of the model parameters.

In NLP, hypernetworks have been utilized for
multi-task and multilingual adaptation of larger
transformer models, such as T5 (Raffel et al., 2020).
Ustiin et al. (2022) propose a single hypernetwork
that produces adapter weights for multiple lan-
guages and tasks simultaneously, eliminating the
need for separate language-specific task adapters.
Karimi Mahabadi et al. (2021) and Phang et al.
(2023) leverage a shared hypernetwork to effec-
tively train adapter modules for a range of NLP
tasks. Finally, in 2025, Charakorn et al. (2025) used
hypernetworks to generate task-sepecific LoRA pa-
rameters for LLMs on the fly given a textual task de-
scription, thus enabling zero-shot adaptation; their
results show that hypernetworks are combinable
with LLMs, while their approach may also be re-
purposed for user personalization in the future.

3 Method

3.1 Architecture

The proposed architecture aims to tune a base
model to each annotator’s perspective; it imple-
ments an adapter-modelling hypernetwork in a
fashion similar to Phang et al. 2023 and Miiller-
Eberstein et al. 2024, as it specifically makes use of
low-rank adapters (Hu et al., 2022). Generally, all
adapter variations enable parameter-efficient fine-
tuning of large models by freezing and patching
the base model’s pre-trained weights W within a
layer [; with a smaller trainable layer Ada,;. Low-
rank adapters, in particular, take this reduction of
updatable parameters one step further by decom-
posing Ada; into two low-rank matrices, A; and
Bj; ultimately, they decrease the parameter count
even more with little performance impact. This
principle can thus be illustrated with the following
formula:

W, =W; + BjA; (1)

where A; and B; are low-rank trainable matrices.
We find this type of adapters preferable for use
in combination with hypernetworks, as it narrows
down the solution space for the hypernetwork com-
ponent.

In our implementation, when modeling the per-
spective Ann;, we use the hypernetwork H to pre-
dict A;; and B;; for every layer /;. Hence, we need
to condition our hypernetwork on two relevant vari-
ables: information on the target annotator Ann;
and on the target layer ;.

Aija Bij = H(A?’an, lj) (2)

For demonstration purposes, we only consider
unique annotator IDs as annotator information.
However, other relevant variables can also be
straightforwardly integrated. We leave it to further
research to determine whether using more complex
representations based on sociodemographic vari-
ables or prior annotations shows better efficiency.

Likewise, target layer information is supplied
through numeric layer identifiers. In the hyper-
network module, both types of identifiers are em-
bedded, concatenated, and jointly passed to two
prediction heads (Lin 4, Linpg), which then infer
the matrices A and B; this flow is illustrated in
Figure 1.
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We add the hypernetwork component on top of
PEFT’s architecture-agnostic LoORA implementa-
tion (Mangrulkar et al., 2022) with the aim of mak-
ing our method compatible with a wide range of
base models. To mitigate possible generalization
issues, we use GeLU activation (Hendrycks and
Gimpel, 2016) and dropout probability of 0.25 in
the hypernetwork module. We also follow the sug-
gestion of Miiller-Eberstein et al. 2024 by initializ-
ing Linp with zeros and Lin 4 with values close to
zero, ensuring smooth updates at the initial stages
of training.

3.2 Data

In this study, we purposefully pick 4 datasets that
permit us to compare our architecture against ex-
isting algorithms for perspectivist learning. Two
of these datasets, HS-Brexit and MD-Agreement,
were included in the shared task on Learning With
Disagreements (LeWiDi, Leonardelli et al. 2023).
This section gives an overview of all data we used.

The Multi-Domain Agreement dataset (Dypy):
This dataset by Leonardelli et al. (2021) addresses
the task of offensive language detection. MD-
Agreement comprises 9,814 English tweets from
three distinct domains: the Black Lives Matter
movement, the 2020 Election, and the COVID-19
pandemic. Each tweet was annotated by at least
5 Mechanical Turk workers out of a total pool of
334.

English Perspectivist Irony Corpus (Dgpic):
Introduced by Frenda et al. (2023), the corpus con-
sists of 3,000 Post-Reply pairs collected from Twit-
ter and Reddit. The data was sourced from five
English-speaking countries: Australia, India, Ire-
land, the United Kingdom, and the United States.
A total of 74 annotators, balanced by gender and
nationality, participated in the annotation task, with
around 15 raters per nationality. Each annotator
labeled approximately 200 instances, resulting in a
corpus with 14,172 annotations and a median of 5
annotations per instance.

The Racial Bias Toxicity Detection Corpus
(Drp): Sap et al. (2019) investigated the inter-
action between annotators’ biases and their per-
ceptions of toxicity reaching positive conclusions.
The authors recruited 819 Amazon Mechanical
Turk workers to annotate tweets for two variables:
whether a tweet was (a) personally offensive to
them and (b) potentially offensive to others. As in

Mokhberian et al. 2024, our experiments focus on

(a).

Hate Speech Brexit (Dys.prexit): Akhtar et al.
(2021) had 6 experiment participants label the same
set of 1120 tweets related to Brexit. Each tweet
was annotated for several categories including Hate
Speech, Aggressiveness, Offensiveness, and Stereo-
type. In our study, we focus on Hate Speech anno-
tations.

Dataset Train  Dev Test #A  #EMHA
Dmipa 27k 13k 13k 334 160

Depic 71k 3.5k 3.5k 74 191
Drs 6.1k 2.7k 2.8k 819 14
DusBrexic | 3.3k 1.6k 1.6k 6 1120

Table 1: Post-split statistics of datasets used in the ex-
periments. #A stands for the number of workers; #E/#A
denotes the mean number of annotated items per worker.

For our experiments, we reproduce the dataset
splitting procedure from Mokhberian et al. 2024.
Specifically, we split the data into partitions of 50,
25, and 25% (train, dev, and test sets respectively)
stratified with respect to item-level disagreements.
Items from the dev and test sets annotated by an
annotator not present in the training set are merged
into the training data. This splitting procedure is
repeated using 10 different random seeds. We re-
port the post-preprocessing statistics for the four
datasets in Table 1.

4 Experiments

4.1 Baselines

We test our architecture against approaches intro-
duced in Deng et al. 2023 (AE) and Mokhberian
et al. 2024 (AART). Both of these build on generic
transformer models and handle diverse perspectives
by integrating them directly into the architecture.
To that end, they make use of specialized annotator
representations.

AART: The AART architecture combines text
embeddings from pretrained transformer models
with learned annotator embeddings. Formally,
given a text item x; and annotator a;, the combined
embedding is computed as:

9(wi, a;) = e(x;) + f(ay)

where e(x;) is the text embedding, and f(a;)
is a learned annotator-specific embedding. This
combined embedding is then fed into a common
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classification head. The model employs a multi-
part loss function consisting of cross-entropy loss,
L2 regularization on annotator embeddings, and a
contrastive loss designed to cluster similar annota-
tor perspectives. We compare our results against
AART on DMDA7 DEPIC, and DRB-

Annotator Embeddings (AE): This approach
explicitly captures annotator-specific biases and an-
notation tendencies using two types of embeddings:
annotator embeddings (F,) and annotation embed-
dings (E;,). These embeddings are combined with
the original text embeddings via weighted summa-
tion:

Ecombined = ElcLs) + anky + agEy

where «,, and o, are learnable weights com-
puted based on the interaction between the sentence
embedding and annotator-specific embeddings.
The resulting embedding is fed into transformer-
based classification models, enhancing their ability
to predict annotator-specific labels by explicitly
modeling annotator idiosyncrasies. We compare
the performance of our model against AE on Dypa
and Dys.prexit-

Single-task baseline: Both AART and AE com-
pare their systems against a single-task baseline
model. This baseline is a transformer classifier
trained on majority-aggregated labels that predicts
one label per text and effectively ignores annotator-
specific nuances. This baseline mostly serves as
a sanity check to evaluate the effectiveness of per-
spectivist modeling under the assumption that spe-
cialized architectures should handle label diversity
at least somewhat better than a non-specialized
model. However, on data items where most anno-
tators agree with the majority label (e.g., 7 raters
out of 10), it can show better results than a per-
spectivist model due to a much narrower problem
space. Such data items constitute a large part of the
existing perspectivist datasets, and, as a result of
that, specialized models do not always surpass this
baseline.

4.2 Setup

In all experiments, we use RoBERTa-base (Liu
et al., 2019) as our base model to maintain consis-
tency with the baseline methods, as both studies
include reported results for RoOBERTa-base among
other models. As a part of our solution, all lay-
ers except the hypernetwork get explicitly frozen.

We model LoRA adapters with a rank of 2 and
a = 32, keeping adapter dimensionality to a mini-
mum. Although increasing the number of trainable
parameters is likely to lead to better results, we
explore the lower performance boundary of our
method that also offers the best efficiency tradeoff.

We train the hypernetwork for 5 epochs with a
batch size of 100 at a learning rate of 1e—5 making
use of Adam optimizer (Kingma and Ba, 2014).
We set max. sequence length to 100. For each
dataset, we repeat the experiment 10 times with
varying random seeds. To implement our method,
we use abstractions from PEFT (Mangrulkar et al.,
2022) and Transformers (Wolf et al., 2020).

We obtained the above hyperparameter values
by running a grid search with varying dropout prob-
abilities (0.0, 0.1, 0.25) and learning rates (5e—>5,
le—>5, be—6) using Dgpic’s development set as a
reference. Our conclusion is that unlike the base-
line solutions without PEFT methods, our archi-
tecture shows greater sensitivity to learning rate
and dropout probability. In particular, when using
low dropout (0 or 0.1) or a higher learning rate
(be—>5), the model often converges prematurely at
a suboptimal point. This yields micro-fl values
of ~ 50.0 suggesting that the model only learns
the majority label due to label imbalance; in con-
trast, when using our ultimate parameter values
(dropout= 0.25, Ir= le—>5), training proceeds with
gradual parameter updates and leads to better gen-
eralization (= 68.5). This result demonstrates that
careful hyperparameter tuning is necessary for our
approach.

4.3 Evaluation

Since AART and AE were assessed with two dif-
ferent metric suites, we preserve the original evalu-
ation protocols to allow direct comparison with the
published figures. In addition, we track the total
number of trainable parameters for each model as
described below.

Annotator-level F1 This metric measures the
ability of a model to treat every annotator fairly, re-
gardless of how many labels they contributed. For
each annotator a;, we compute the macro-F1 score
over all items z; in the test split by comparing the
gold label y;; to the model’s prediction ;;. The
Annotator-level F1 is then the simple mean of these
per-annotator F1 scores. Mokhberian et al. 2024
argue that it prevents evaluation biases towards pro-
lific annotators.
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Global-level F1 To measure overall predictive
quality, we pool all (z;, a;) pairs in the test set and
compute macro-F1 on this combined set. Unlike
the annotator-level metric, this score weighs each
prediction equally and inadvertently prioritizes an-
notators who contributed more labels.

Item-level Disagreement Correlation We quan-
tify how well a model reproduces the true pattern
of annotator disagreement on each item. For an
item x; with annotator votes {y;1, ..., ¥k}, the
gold disagreement is

B maxcl{j DY = c}‘
K )
and the model-predicted disagreement d; is com-
puted analogously from {g;;}. We then report the
Pearson correlation Corr({d;}, {d;}), as in AART.

di =

Baseline-specific Metrics AART uses exactly
the three metrics above: annotator-level F1, global-
level F1, and item-level disagreement correlation.
We thus report all three for direct apples-to-apples
comparison. AE instead evaluates each annotator’s
labels by computing (i) global accuracy over all
(xi,a;) pairs and (ii) global-level F1 as defined
above. Because AE does not release per-annotator
predictions, we we are unable to use the annotator-
level metrics for that baseline.

Trainable Parameters Lastly, we report the ap-
proximate number of trainable parameters for each
model (our hypernetwork+adapters, AART, and
AE). For AART and AE, we calculate these num-
bers based on their public source code, while for
our method we report the number directly. Ana-
lyzing parameter counts helps us inquire into the
parameter efficiency of each solution and assess
how well each architecture can scale to the grow-
ing number of annotators to model and growing
embedding space.

5 Results

In our experiments, the proposed hypernetwork-
based architecture demonstrates generally strong
performance across all datasets when compared to
both AART and AE baselines, while using substan-
tially fewer trainable parameters. Tables 2 and 3
report the mean and standard deviation over ten
runs for each metric suite as defined in Section 4.3.

On the Dypa dataset, our model achieves an
annotator-level F1 of 70.24 4 0.9 and a global-
level F1 of 78.11 4 0.2, thus surpassing both the

Dataset | Single-task AART Ours
Annotator-level F1
Dwmpa 66.80 £ 0.7 69.72 £ 1.1 70.24 £ 0.9
Deprc 58.59+1.9 59.67 £0.9 53.16 £ 1.6
Drs 68.61 + 1.5 71.1+3.2 73.81 £+ 2.0
Global-level F1
Dmpa 71.99 £ 0.6 7738+ 04 78.11 £ 0.2
Depic 60.23+1.7 66.16 £1.4 65.11 £ 1.2
Drs 71.97+ 1.7 79.96 £1.9 76.17£1.8
Item-level Disagreement Correlations
Dmpa NA 0.37 +0.04 0.42 + 0.02
Depic NA 0.20 + 0.06 0.28 £+ 0.03
Drs NA 0.54 + 0.04 0.66 + 0.03
Trainable Parameters
- 124.3%10° ~124.9%10° =~ 5.6 10°

Table 2: This table shows the metrics of our model, av-
eraged over 10 runs, against RoOBERTa-based baselines
from Mokhberian et al. 2024 (cols 1, 2; values as re-
ported). Col. 2 features the configuration a > 0; see the
original paper for details. Along with average values,
we report the standard deviation. The highest values are
given in bold.

Dataset Single-task AE Ours
Global-level Accuracy

Dmpa 75.65 75.14 80.11 £ 0.2

Dhs-Brexit 86.77 87.03 86.49 £ 0.8

Global-level F1

Dwmpa 73.26 73.60 78.11 £ 0.2

DHs-Brexit 64.60 60.36 58.30 + 9.8
Trainable Parameters

- 124.3%10° =~ 125.5%10° =~ 5.6 10°

Table 3: This table shows the metrics of our model, av-
eraged over 10 runs, against RoOBERTa-based baselines
from Deng et al. 2023 (cols 1, 2; values as reported; std
not reported). Col. 2 features the configuration E,; see
the original paper for details. The highest values are
given in bold.

AART baseline (annotator F1 69.72 £ 1.1, global
F1 77.38 & 0.4) and the AE baseline (global accu-
racy 75.14, global F1 73.60). This result indicates
that our architecture is effective at capturing indi-
vidual annotator tendencies and producing coherent
overall predictions in this scenario.

For Dgp, our approach again outperforms AART
in annotator-level performance (73.81 & 2.0 vs.
71.10 % 3.2) and yields a competitive global-level
F1of 76.17£1.8 (AART: 79.96 £1.9), suggesting
that our hypernetwork is capable of modeling both
base and rare annotator behaviors even when the
dataset exhibits varied disagreement patterns.

Interestingly, on the more challenging Dgpjc
dataset, our model gives lower annotator-level F1
(53.16 £ 1.6) and global-level F1 (65.11 £ 1.2)
compared to AART’s 59.67 + 0.9 and 66.16 = 1.4,
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respectively. We believe this shortcoming stems
from the higher complexity of data in EPIC,? which
may require more specialized regularization strate-
gies; still, our model attains a higher item-level dis-
agreement correlation (0.28£0.03 vs. 0.20£0.06),
thus showing that these two perspectivist metrics
have a potential discrepancy.

On Dys_prexit> the comparison with AE yields a
global accuracy of 86.49 (AE: 87.03) and a global
F1 of 58.30 (AE: 60.36), which is only slightly
below the baseline. Given the dataset size, it trans-
lates into a difference of 8 misclassified instances.

Beyond model generalizability,
hypernetwork+adapters solution demon-
strates remarkably better parameter efficiency, as
it requires only ~ 5.6 * 10° trainable parameters
compared to =~ 124.9 % 10% for AART and
~ 125.5 % 10° for AE. This advantage is especially
important within the strong perspectivist paradigm,
where an ideal model should be able to scale up
to hundreds of perspectives and, at the same time,
take up a reasonable amount of memory and disk
space.

6 Discussion

Two potentially advantageous aspects of the
hypernetwork+adapters setting are (1) keeping
the base model’s weights intact and (2) adapting the
model to all targets by training just one component.
In what follows, we analyze why these aspects are
especially relevant perspectivist learning.

Preserving the base model’s original state could
be beneficial for two reasons. Concerning inher-
ently multi-purpose models, such as T5 (Raffel
et al., 2020), it means that the base model’s per-
formance on other tasks will not be affected. This
effect is especially important when dealing with
large language models: they are often used for a
wide range of tasks, and updating their weights can
lead to catastrophic forgetting (Kirkpatrick et al.,
2017) or degradation of their performance on pre-
viously learned tasks. For instance, if a model is
fine-tuned for a particular task like hate speech de-
tection, preserving the base model’s original state
ensures that its performance on other tasks remains
intact.

Moreover, when adapting a model that has al-

3For example, as per Casola et al. (2024), gpt-3.5-turbo
yields an F1 of 48.1 on EPIC in zero-shot settings; this differs
from its zero-shot performance on other language understand-
ing tasks, such as sentiment analysis or natural language infer-
ence (Fls of 91.13 and 67.87 respectively, Ye et al. (2023)).

ready been fine-tuned for some task irrespective of
perspectives, our method can preserve this origi-
nal, *perspective-neutral’ model. In a realistic set-
ting of personalized content moderation, this model
can be used as a fallback option. For example, if
some user’s view is not covered by the perspectivist
model, the original, perspective-neutral model can
be used to provide a fallback response.

Another benefit of modeling adapters and keep-
ing the main classifier frozen is the mitigation of
potential negative outcomes associated with per-
spectivist learning. In particular, when a RoOBERTa
model that is fully trainable is finetuned for per-
spectivist labels (as is the case in Deng et al. 2023
& Mokhberian et al. 2024), it is taught to associate
the same text with varying labels (one to many).
This can cause conflicting gradient steps leading
the model away from the optimum. Incorporating
annotator features through embeddings is intended
to resolve this issue by converting the task back
to a one-to-one association. However, it is unclear
whether these features receive sufficient weight in
the classifier to achieve that. In our framework,
there is no discrepancy between inputs and outputs,
as the only trainable component is the hypernet-
work, which learns a one-to-one correspondence
between annotators and their respective adapters.
This approach does not expose the base model’s
weights to controversial targets and thus avoids the
associated difficulties.

Dataset ‘ RoBERTa LoRA Ours
Trainable Parameters

Dpa 334 %125 % 10° 334 %6.6 % 10° 5.6 % 10°

Depic 7T4%125%10°  74%6.6%10°  5.4%10°

Drs 819 %125 % 10% 819 % 6.6 % 10° 5.9 % 10°

Drs-Brexic | 6 % 125 % 10° 6%6.6%10°  5.3%10°

Table 4: Overview of trainable parameter counts re-
quired for fine-tuning a ROBERTa model to each per-
spective using all parameters, low-rank adaptation, and
our hypernetwork respectively (r = 2, = 32).

Using a hypernetwork to learn adapter weights
offers an additional advantage. Training a separate
LoRA-style adapter for each annotator is possible
but involves training a large number of parameters
that grows substantially with each added perspec-
tive. As shown in Table 4, the costs of adapting
RoBERTa-base to every perspective in our datasets
are substantial. In extreme cases, such as Drg with
819 annotators, the required parameters exceed not
only the hypernetwork’s but also ROBERTa’s to-
tal parameter count. This results in impractical
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memory and disk space requirements, rendering
the separate adapter approach infeasible.

In contrast, our method stands out as the more
cost-effective solution in all settings, except for
DHus-Brexits Which has an exceptionally small num-
ber of annotators*. Like other approaches that
make use of annotator embeddings, adding a new
annotator requires 1 X hdim parameters + rescaling
the model to a new embedding. Given the small
size of the hypernetwork, all of this sums up to
just 2 x hdim, allowing for very cheap scaling
to additional perspectives. This property makes it
especially attractive for perspectivist learning.

Conclusion

In this work, we have investigated a
hypernetwork+adapters architecture for
perspectivist learning on subjective classification
tasks. Our experiments show that, while this
model does not uniformly exceed the latest
perspective-aware baselines, it achieves superior
performance on several perspectivist datasets, most
notably Dypa and Dgp. It also obtains higher
item-level disagreement correlations even when
mean F1 is lower, as on Dgpc. Notably, our
approach requires only about 5.6 x 10° trainable
parameters, about 4.5% with respect to over
124 x 100 in the competing methods; thus, it offers
a considerable advantage in parameter efficiency.

Taken together, these findings suggest that the
hypernetwork+adapters design is a promising
solution within the strong perspectivist paradigm,
even if further work is needed to let it scale equally
well to all available tasks and datasets.

Limitations

One important limitation of the proposed hypernet-
work architecture is that it takes more time for in-
ference, as it follows a two-stage procedure where
it first separately predicts the LoRA weights of
each adapted layer and then applies these during
classification. This flow leads to both training and
evaluation taking longer than in the case of reg-
ular classifier models (= 0.25 iterations/sec. Vvs.
4 iterations/sec.). We argue, however, that this
shortcoming does not outweigh the advantage in

*In order to verify that separately-trained LoRA adapters
do not significantly outperform our model, we conduct an
experiment on Dys.prexit. We report the outcomes in Table 5;
they suggest that training separate adapters does not surpass
our approach.

parameter efficiency. The decreased memory con-
sumption allows for more parallel training jobs to
be scheduled simultaneously, thus compensating
for lower throughput.

A further possible limitation is that we only use
annotator IDs as annotator features. This strategy
does not permit our system to scale to new perspec-
tives if we need to make predictions for an unseen
annotator. We see two ways to address this limita-
tion. First, in this paper, we do not inquire into how
well hypernetworks work with sociodemographic
features. However, they can still be trivially inte-
grated, possibly mitigating this issue. A further
way to tackle this problem could consist in find-
ing an annotator in the existing annotator pool that
is most similar to the unseen one and assuming
their perspective. Similarity of annotators could
be approximated from the said sociodemographic
features.

Finally, we acknowledge that our evaluation of
the proposed architecture is not exhaustive, and we
could overlook some shortcomings of our model.
However, we find it sufficient to judge how well it
compares to the competitor models. Additionally,
we hope to scrutinize it more when more perspec-
tivist models and datasets are released.
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A Separate LoRA training.

Dataset ‘Baseline LoRA Ours

Global-level Accuracy
Dhs-Brexic | 86.77 77.50 86.49
Global-level F1
Dhs-rexit | 64.60 53.02  58.30

Table 5: This table reports the metrics of our model
against the performance of 6 separate LoRA adapters
(one per each annotator perspective) on HS-Brexit. The
training parameters for the adapters copied those of
the main experiment, the exception being an increased

learning rate (5e—>5) and an increased epoch count (10).

We report the mean results per 10 runs.
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