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Abstract

Beyond exploring disaggregated labels for modeling perspectives, annotator rationales provide fine-grained signals
of individual perspectives. In this work, we propose a framework for jointly modeling annotator-specific label
prediction and corresponding explanations, fine-tuned on the annotators’ provided rationales. Using a dataset with
disaggregated natural language inference (NLI) annotations and annotator-provided explanations, we condition
predictions on both annotator identity and demographic metadata through a representation-level User Passport
mechanism. We further introduce two explainer architectures: a post-hoc prompt-based explainer and a prefixed
bridge explainer that transfers annotator-conditioned classifier representations directly into a generative model.
This design enables explanation generation aligned with individual annotator perspectives. Our results show that
incorporating explanation modeling substantially improves predictive performance over a baseline annotator-aware
classifier, with the prefixed bridge approach achieving more stable label alignment and higher semantic consistency,
while the post-hoc approach yields stronger lexical similarity. These findings indicate that modeling explanations as
expressions of fine-grained perspective provides a richer and more faithful representation of disagreement. The
proposed approaches advance perspectivist modeling by integrating annotator-specific rationales into both predictive
and generative components.
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1. Introduction anced and fine-grained representations of perspec-
tive.
Perspectivist NLP argues that annotations should Explainability in perspectivist approaches has

reflect the specific judgments of individual annota-  gradually emerged as a critical component of trust-
tors rather than converge on a single consensus ~ worthy NLP systems, as it supports model-level
label (Pavlick and Kwiatkowski, 2019). In tasks interpretability through the analysis of attention pat-
such as natural language inference (NLI), stance  terns or internal structures used to justify predic-
detection, and hate speech classification (Xu et al.,  tions (Mastromattei et al., 2022a). In recommenda-
2024), it is legitimate for annotators to disagree  tion systems, for example, natural language gener-
due to differences in background, interpretation,  ation (NLG) methods have been proposed to gen-
or socio-demographic perspective. Modeling such  erate flexible, free-text explanations based on user-
disagreement has become an important focus of ~ generated content (Li et al., 2021b). While such
recent shared tasks (Leonardelli et al., 2023; Uma  approaches demonstrate the potential of generative
et al., 2021) and research initiatives, shifting the = models to produce fluent and varied explanations,
emphasis away from majority voting toward pre- they also expose limitations: generated content
serving variation. may be off-topic, insufficiently grounded in the in-
put, repetitive Li et al. (2021a), or insufficiently per-
sonalized. These challenges highlight the need
for controllable and faithful explanation generation,
particularly when explanations are expected to re-
flect specific user or annotator viewpoints.

Most perspectivist approaches implicitly model
perspectives using linguistic and contextual signals
such as sociodemographic information, user IDs,
and group affiliations (Davani et al., 2022; Plepi
et al., 2022). These signals are used to infer the
potential sources of variation and diversity in an- Within perspectivist NLP, explainability has been
notations. However, beyond disaggregated labels,  approached in different ways. Some studies treat it
annotators’ perspectives often remain abstracted  as post-hoc model interpretation Mastromattei et al.
and only indirectly represented in the model. Al-  (2022a), identifying linguistic features or structural
though some datasets require annotators to provide  patterns that influence perspective-aware predic-
rationales for selecting a particular label (Weber-  tions (Muscato et al., 2025). Others rely on prompt-
Genzel et al., 2024), these explanations are rarely  ing strategies to simulate user perspectives in large
integrated explicitly into perspectivist modeling. In-  language models (Hayati et al., 2024). However, rel-
corporating annotator rationales enables more nu-  atively little work has explicitly modeled annotator-
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specific explanations alongside disaggregated la-
bels, partly because few datasets contain both dis-
agreement and distinct rationales.

In this study, we integrate perspectivist modeling
with perspectivist explanation by explicitly condition-
ing explanation generation on annotator-specific
representations. Using a dataset with disaggre-
gated NLI labels and annotator-provided explana-
tions, we model perspective in both label prediction
and rationale generation. We explore a prompt-
based post-hoc explainer and a representation-
prefix bridge that transfers classifier representa-
tions enriched with annotator information into a gen-
erative model. In doing so, we treat explanations
as expressions of perspective rather than merely
post-hoc justifications of a model’s decisions.

2. Related works

Perspectivist NLP aims to preserve the nuanced in-
formation hidden within disagreement by modeling
annotator-specific labels rather than aggregating
them into a single label (Cabitza et al., 2023). How-
ever, explainability within this paradigm remains rel-
atively understudied and fragmented (Frenda et al.,
2025). Existing research primarily approaches
explainability either through model interpretability
as in Mastromattei et al. (2022a) or by explicitly
prompting Large Language Models (LLMs) for ex-
planations (Orlikowski et al., 2025). However, most
work has yet to explore annotator-specific rationales
grounded in internal representations as a primary
approach for perspectivist explainability.

2.1. Current Approaches to

Perspective-Aware Explanations

One line of research addresses explainability in per-
spectivist models by identifying the linguistic com-
ponents in Hate speech tasks with the use of rec-
ognizers that incorporates syntactic dependency
trees to provide post-hoc justifications for classifi-
cations (Mastromattei et al., 2022a). In these in-
stances, explainability focuses on revealing the me-
chanics of the model’s prediction rather than captur-
ing the annotator’s subjective reasoning. Similarly,
Mastromattei et al. (2022b) explored explainable
syntax-based models within hate speech detection
to identify trigger words that influence target clas-
sification. In a different vein, Nirmal et al. (2024)
implicitly extracted user rationales from input text
using LLMs to guide classifier outcomes, aiming
for a more interpretable architectural framework.
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2.2. Personalized Generation and
Recommendation

A shift toward personalized explanation is evident in
the work of Li et al. (2021b), who designed a special-
ized Transformer for explainable recommendation.
This model utilizes user IDs and items alongside
linguistic cues to generate recommendations and
justifications that reflect individual user interests.
Similarly, Li et al. (2020) utilized a neural template
approach to address user ratings within recom-
mender systems. More recently, Plepi et al. (2024)
introduced twin-encoder architectures that sepa-
rately encode auxiliary user information to facilitate
perspective-taking in conflict situations. This allows
the model to conceptualize user viewpoints through
self-disclosure statements. While this approach
structurally integrates user context, it does not ex-
plicitly disentangle annotator-specific explanatory
reasoning in disaggregated datasets, where anno-
tators might agree on a label but diverge signifi-
cantly in their underlying logic. In this study, we
address explainability through the lens of annotator
rationales, seeking to understand the why behind a
label from the human’s perspective. Our approach
models annotator perspectives at both the classi-
fication and explanation levels. Furthermore, we
introduce a representation-level bridge that condi-
tions explanation generation directly on annotator-
specific internal representations. By doing so, we
treat explanation not merely as a post-hoc inter-
pretability tool, but as an explicit expression of an-
notators perspectives tied directly to disaggregated
labels they represent.

3. Methods and data

We study perspectivism in generative explainability
using the VariErrNLI dataset (Weber-Genzel et al.,
2024), which contains disaggregated annotator la-
bels and annotator-specific rationales. Unlike most
existing disaggregated datasets, VariErrNLI pre-
serves both label disagreement and explanation di-
versity, making it suitable for modeling fine-grained
perspectives.

Our framework consists of two components: (i)
an annotator-aware classifier that predicts label
sets for each annotator, and (ii) an annotator-
conditioned explainer that generates corresponding
rationales. We explicitly model annotator identity
using learned embeddings and metadata features,
which are fused with the contextual representation
of the input (context and statement) to produce
annotator-specific predictions.

We compare two explanation approaches. The
first is a post-hoc, prompt-based explainer that gen-
erates explanations from textual inputs. The sec-
ond is a prefixed bridge explainer that conditions



generation on the classifier's internal annotator-
specific representations. This allows the model
to incorporate both predicted labels and underlying
annotator-specific reasoning signals.

3.1. VariErrNLI Dataset

We use VariErrNLI (Variation vs. Error), a perspec-
tivist NLI dataset designed to disentangle human
label variation from annotation error. VariErrNLI
contains approximately 500 NLI items sampled
from ChaosNLI (MNLI subset) and annotated in
two rounds by four independent annotators.

In Round 1, annotators assigned one or more NLI
labels, Entailment (E), Neutral (N), or Contradic-
tion (C) to each item and provided a one-sentence
explanation for each label assigned, preserving
fine-grained reasoning diversity. This round of an-
notation produced 1,933 label-explanation pairs.

In Round 2, annotators independently evaluated
the validity of each label-explanation pair (includ-
ing their own) by judging whether the explanation
plausibly supports the assigned label. This second
stage enables distinguishing plausible human la-
bel variation from annotation errors. The dataset,
therefore, provides not only disaggregated labels
and rationales but also meta-judgments about their
validity.

Although VariErrNLI was originally designed to
study annotation error versus variation, we use it for
a different purpose. Specifically, we leverage its dis-
aggregated labels and annotator-specific explana-
tions to model and generate annotator-conditioned
reasoning. For this study, we use the version re-
leased for the Learning with Disagreement (LeWiDi)
2025 Shared Task (Leonardelli et al., 2026), which
provides predefined training, development, and test
splits. The dataset statistics are presented in Ta-
ble 1

3.2. Problem Formulation

We formalize annotator-specific prediction and ex-
planation as a joint task. Each instance in the Vari-
ErrNLI dataset consists of a context ¢, a statement
s, and annotations from annotators a € A. Each
annotator provides a judgment (in some instances,
multi-label) over the label set

‘C:{C’EvN}v (1)

corresponding to contradiction (C), entailment (E),
and neutral (N); and an explanation that justifies
their labeling decision. For each annotator a, there
is an annotator-specific label

Ya € L,

(2)

and an associated explanation r,, where r, is a
short sentence describing the reasoning for y,,. Be-
cause two annotators can assign the same label for
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different reasons, we treat explanation generation
as an explicitly perspectivist problem. Our model
therefore has two goals: (i) predict the annotator-
specific label set for each annotator a, and (ii) gen-
erate the corresponding annotator explanation r,,
which we define as the annotator’'s expressed per-
spective. For each instance (c, s) and annotator
a, we learn an annotator-aware classifier and an
annotator-conditioned explainer trained on the pro-
vided human rationales.

3.3. Annotator-Aware Classification

We implement the User Passport method to explic-
ity model annotator-specific perspectives within
our classification framework (Sarumi et al., 2025),
using DeBERTa-v3-base as the backbone encoder.
This approach incorporates annotator identity and
metadata directly at the representation level rather
than through input text modification or token-based
methods (Welch et al., 2022). The resulting classi-
fier serves as the underlying prediction component
for both the post-hoc and prefixed bridge explana-
tion models.

Formally, we consider an annotated dataset de-
finedby D = (X, A,Y), where X is the set of text in-
stances {z1,x2,...,2,}. Eachinstancez; € Xisa
pair (c;, s;) representing the context and statement.
The set A = {ay, as,...,a;} represents unique an-
notators, and the annotation matrix is defined as:

(3)

To handle varying annotator coverage, a masking
mechanism is applied during training and evalua-
tion. The annotator-level loss is computed only for
instances where a label exists, using a binary mask
to ensure missing annotations do not contribute to
the training objective.

The encoder extracts a pooled representation
h € RH capturing the relationship between ¢; and
s;. To incorporate individual variation, we define a
learnable embedding space where each annotator
a; is mapped to a unique, d-dimensional vector
uj; € RE:

Y:XxA—{0,1}

u; = Embedding(a,) (4)

Simultaneously, each annotator’s structured demo-
graphic metadata is transformed into a fixed-size
vector m; and projected into the latent space of the
text encoder. We then perform a representation-
level fusion by concatenating the instance represen-
tation, the annotator embedding, and the metadata
projection. The resulting fused representation z;;
is passed to the classification head:

()

This allows the model to explicitly account for both
the annotator’s identity and their demographic con-
text by learning systematic patterns between these

zij = [hs ug s my]



Statistic Train Dev Test Total
Split-level statistics

Instances 388 50 50 488
Annotators 4 4 4 4
Annotations 1,505 187 199 1,891
Avg. annotations / instance 3.88 3.74 3.98 3.88
Explanations 1,505 187 199 1,891
Avg. explanation length (words) 13.90 13.12 14.28 13.86
Label distribution (count, %)

Entailment 446 (29.6%) 34 (18.2%) 61 (30.7%) 541 (28.6%)
Neutral 767 (51.0%) 96 (51.3%) 93 (46.7%) 956 (50.6%)
Contradiction 292 (19.4%) 57 (30.5%) 45 (22.6%) 394 (20.8%)
Annotations per annotator (count) and demographics

Ann1 (F,22,CN,MSc) 367 45 47 459
Ann2 (M,33,DE,Postdoc) 376 45 47 468
Ann3 (F,25,CN,MSc) 379 46 54 479
Ann4 (M,25,CN,MSc) 383 51 51 485

Table 1: VariErrNLI dataset statistics by split. Demographics are abbreviated as Gender, Age, Nationality,
Education (CN=Chinese, DE=German; MSc=Master student).

features and labeling behavior through latent fea-
ture fusion.

3.4. Annotator Explanation Modeling

To generate annotator-specific rationales, we im-
plement two explanation approaches that produce
an explanation r, but differ in how they incorporate
classifier information.

3.4.1. Post-hoc Explainer

Our first approach trains a standard encoder-
decoder model Flan — T5 (Chung et al., 2024)
to generate an annotator explanation using a text-
only prompt. For each training record, we con-
struct an input prompt that contains: the context
and statement, the annotator’s gold labels, annota-
tors persona: derived from the annotator metadata
information, and an annotator control token. The
annotator control token is linked to the annotator
ID in the dataset and prepended to the prompt by
extending the tokenizer vocabulary with a unique,
learnable special token (Sarumi et al., 2024; Plepi
et al., 2022). At inference time, we insert the clas-
sifier's predicted probabilities (pc, pe, pn) into the
prompt. The explainer then generates a short ex-
planation. In this setup, there is no differentiable
connection between the classifier and the explainer.

3.4.2. Prefixed Bridge Explainer

Our second approach introduces a stronger cou-
pling between classification and explanation us-
ing the classifier's continuous internal representa-
tion, rather than text-only features. We first run
the annotator-aware classifier on (¢, s) to obtain
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the fused representation z;;. We then learn a small
neural Prefixed Bridge (a 2-layer MLP) that projects
this vector into a sequence of prefix embeddings
with the same dimensionality as the T5 encoder
embedding space. These prefix embeddings are
prepended to the T5 encoder input embeddings
before encoding. We then train by freezing the
classifier parameters and optimizing the bridge and
the T5 parameters to minimize explanation gen-
eration loss. At inference time, explanation gen-
eration is performed using the prefix produced by
the bridge, which is concatenated with the prompt
token embeddings before encoding and generation
(see Figure 1).

4. Experiments

In our experiments, we used two base models that
follow the encoder-decoder architecture. We also
implemented the User Passport method for incor-
porating annotator-meta information.

4.1. Experimental set-up

We train the annotator-aware classifier for 50
epochs using the AdamW optimizer with a learn-
ing rate of 2 x 10~5 and weight decay 0.01. A lin-
ear scheduler with warmup (ratio 0.06), gradient
clipping (max norm 1.0), and early stopping on de-
velopment macro-F1 (patience 3) is applied. The
backbone model is DeBERTa-v3-base (He et al.,
2023), with a maximum input length of 256 and
batch size 32. To model annotator-specific predic-
tions, we incorporate annotator information through
a learnable annotator embedding (dimension 64)
and a projected metadata representation, fused



Explainer F1 (Macro) Exact Match ROUGE-L Semantic Similarity
User Passport (Sarumi et al., 2025) 70.5 — — —
Post-hoc Explainer 92.3 92.2 245 51.0
Prefixed Bridge Explainer 93.9 92.4 24.0 53.4

Table 2: Aggregated evaluation scores across all annotators. We report the results of the User Passport
model from previous work, without explanation, as the baseline. Bold values indicate the best scores. All

scores are reported as the mean of three runs.
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Figure 1: The Prefixed Bridged Explainer

with the instance representation at the feature level.
Training uses masked binary cross-entropy with an
auxiliary soft-label alignment objective ( Asore = 1.0).
Class imbalance is handled using masked focal
BCE with class-specific positive weighting.

For explanation generation, both explainer vari-
ants are trained using Flan-T5-base with a maxi-
mum input length 512 and target length 128. Mod-
els are trained for up to 50 epochs with early stop-
ping on validation loss, using AdamW with learning
rate 8 x 1075 and weight decay 0.01. Label thresh-
olds are tuned on the development set with grid
search over [0.1,0.9], selecting the configuration
that maximizes mean Jaccard similarity with gold
annotator label-sets.

All experiments are conducted on a single
NVIDIA A100 80GB PCle GPU (CUDA 13.1). Av-
erage end-to-end runtime (training and evaluation)
is approximately 15-20 minutes per model. All re-
ported results are averaged over three runs.
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Figure 2: Prefixed Bridged Faithfulness Evaluation
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Figure 3: Post-hoc Faithfulness Evaluation

5. Result and Discussion

Aggregated Evaluation of Explainers

Table 2 presents the aggregated performance com-
parison between the baseline annotator-aware clas-
sifier (User Passport) from previous work, the Post-
hoc Explainer, and the Prefixed Bridge Explainer.
The baseline achieves a Macro-F1 score of 70.5,
indicating that incorporating explanation modeling
substantially improves classification performance.

Both explanation-based approaches outperform
the baseline, with the Prefixed Bridge Explainer
achieving the highest Macro-F1 (93.9) and Exact
Match (92.4), indicating stronger agreement with
the gold labels. The Post-hoc Explainer also per-
forms well with Macro-F1(92.3), but remains slightly
below the bridge model.

In terms of explanation quality, ROUGE-L is
marginally higher for the Post-hoc Explainer, sug-
gesting better lexical overlap with reference expla-
nations, which is consistent with its text-based ap-



Prefixed Bridge Explainer

Annotator Gender Age Nationality Education Macro F1  Exact Match ROUGE-L Semantic Sim
Ann1 Female 22 Chinese MSc. 94.3 94.2 23.8 55.2
Ann2 Male 33 German Postdoc 92.5 92.0 34.1 59.6
Ann3 Female 25 Chinese MSc 92.0 88.7 21.2 53.5
Ann4 Male 25 Chinese MSc 95.5 94.7 17.9 45.8
Post-hoc Explainer
Annotator Gender Age Nationality Education Macro F1  Exact Match ROUGE-L Semantic Sim
Ann1 Female 22 Chinese MSc. 87.9 90.6 24.5 49.9
Ann2 Male 33 German Postdoc 96.7 97.1 31.3 55.9
Ann3 Female 25 Chinese MSc 90.4 88.7 22.9 50.0
Ann4 Male 25 Chinese MSc 92.4 92.7 19.6 48.7

Table 3: Comparison of Explainers per annotator: A descriptive Analysis. Bold values highlight key
patterns discussed in section 5: improved predictive performance with the bridge model (Ann1, Ann4),
stronger lexical overlap and semantic strength with both prefixed and post-hoc model (Ann2), and overall

Macro-F1 score, Exact Match (notably Ann2).

proach. In contrast, the Prefixed Bridge Explainer
achieves higher semantic similarity, indicating that
its generated explanations are better aligned in
meaning. This improvement can be attributed to
its use of the classifier’s internal representations,
which provide richer contextual features for gener-
ation.

These results show that explanation modeling
significantly improves performance over the base-
line, while tighter integration between prediction
and generation further enhances classification con-
sistency and semantic alignment.

Faithfulness Distribution and Qualitative
Analysis

The faithfulness distributions in Figures 2 and 3
show that, for both models, semantic similarity
scores cluster around moderate values (median
~ 0.5), while ROUGE-L remains relatively low
(median ~ 0.24), indicating lexical divergence de-
spite semantic alignment. However, the Prefixed
Bridge Explainer exhibits a more balanced NLI en-
tailment distribution, with a larger proportion of high-
entailment cases compared to the Post-hoc model,
suggesting stronger inferential alignment between
predictions and explanations. To further examine
these differences, we present qualitative examples
in Figures 4 and 5, focusing on cases where the
predicted label is consistent but the generated ex-
planations differ in structure and depth. In both
examples, the two models correctly identify that the
context supports investment in information technol-
ogy rather than the financial sector. However, the
nature of the generated explanations differs. The
Prefixed Bridge Explainer produces explanations
that are more concise and directly grounded in the
key contrast between the context and the state-
ment, closely mirroring the underlying reasoning
required for the prediction. In contrast, the Post-hoc
Explainer tends to generate more verbose expla-
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nations, introducing additional statements that are
not explicitly stated in the context. While both ex-
planations are semantically aligned with the gold
rationale, the prefixed bridged explanation more
precisely captures the core inference without intro-
ducing random words. This qualitative difference
supports the distributional findings. The Prefixed
Bridge Explainer demonstrates stronger alignment
between prediction and explanation, not only quan-
titatively through higher scores, but also qualita-
tively in the clarity and focus of the generated ex-
planation.

Comparison of Explainers per annotator: A
descriptive Analysis.

Table 3 presents a detailed examination across
the four annotators. Differences are observed in
Macro-F1, Exact Match, ROUGE-L, and Seman-
tic similarity, suggesting that both models interact
differently with individual annotator patterns.

The Prefixed Bridge Explainer generally pro-
duces more stable performance across annotators
in terms of Macro-F1 and Exact Match. In particular,
Ann1 and Ann4 show improvements in both met-
rics compared to the Post-hoc Explainer, indicating
that incorporating classifier-level representations
contributes to more reliable alignment between pre-
dictions and annotator-specific labels. This sug-
gests that the shared representation between the
two encoders better captures variability in annota-
tor decision patterns, especially when explanations
differ in structure or clarity.

Ann2 achieves the highest overall performance,
particularly under the Post-hoc Explainer (Macro-
F1: 96.7, Exact Match: 97.1), outperforming the
Prefixed Bridge model. Ann3 and Ann4 exhibit
comparatively lower or more variable performance
across certain metrics, particularly in ROUGE-L.
For Ann4, while Macro-F1 and Exact Match im-
prove under the Prefixed Bridge Explainer, ROUGE-



Figure 4: The Prefixed Bridged Explanation Example

Figure 5: The Post-hoc Explanation Example

L and Semantic similarity remain relatively low
across both models.

A closer examination of the VariErrNLI dataset
(Weber-Genzel et al., 2024) provides important con-
text for interpreting these results. The dataset ex-
plicitly distinguishes between variation and anno-
tation error through a second round of self- and
peer-validation, where explanations are assessed
for whether they plausibly support the assigned la-
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bels. As shown in the original study, agreement in-
creases substantially after validation, indicating that
a portion of annotator disagreement is attributable
not to genuine perspectives and differences, but to
inconsistencies and errors.

This distinction is reflected in our findings. An-
notators whose explanations are more consistently
grounded in the input text and validated by peers
are more reliably modeled by both approaches. In



particular, Ann2 achieves the highest predictive per-
formance across metrics, especially under the Post-
hoc Explainer, aligning with the dataset’s validation
framework where more coherent and text-aligned
reasoning leads to more stable label-explanation
pairs. Notably, Ann2 is also the annotator with the
highest age (33) and level of education (Postdoc)
in the dataset. While this may be associated with
clearer or more structured explanations, stronger
task understanding or domain expertise, we do not
draw definitive conclusions from this observation
due to the limited number of annotators. Instead,
this serves as an indicative pattern that can be
further investigated in larger and more controlled
settings.

In contrast, annotators exhibiting more variabil-
ity in explanation quality are more challenging to
model. For example, Ann4 shows comparatively
lower or less consistent performance across certain
metrics, particularly in lexical overlap (ROUGE-L),
despite improvements in predictive performance
under the Prefixed Bridge Explainer. This pattern
is consistent with the dataset observations, where
some explanations may be less well-aligned with
the assigned labels or expressed in ways that de-
viate from reference formulations. As a result, the
model relies more heavily on underlying represen-
tations rather than surface-level cues.

A consistent pattern across annotators is the di-
vergence between lexical and semantic metrics.
The Post-hoc Explainer tends to produce higher
ROUGE-L scores, indicating closer surface-level
similarity to reference explanations. In contrast,
the Prefixed Bridge Explainer achieves higher or
comparable semantic similarity across most an-
notators, suggesting better alignment in mean-
ing. This reflects the underlying modeling differ-
ence: the Post-hoc approach relies primarily on
textual prompts, whereas the bridge model lever-
ages classifier-derived internal representations, en-
abling richer contextual grounding of explanations.

These per-annotator differences highlight that
identical labels do not imply identical reasoning
processes. The variation observed across met-
rics suggests that annotators may express similar
decisions through different explanatory structures,
levels of detail, or linguistic forms. By incorporating
explanation generation, both models move beyond
label prediction and provide additional insight into
how annotator perspectives are represented. The
Prefixed Bridge Explainer, in particular, better pre-
serves the relationship between predictions and un-
derlying reasoning, especially when explanations
are less consistent in form.

It is important to note that these observations
are based on a small number of annotators, with
limited demographic diversity and a relatively small
test set. As such, we do not perform statistical
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significance testing and instead rely on descriptive
analysis. The patterns observed should therefore
be interpreted as indicative trends rather than gen-
eralizable findings.

Overall, the per-annotator analysis suggests that
incorporating explanation modeling improves the
representation of annotator perspectives, and that
tighter integration between prediction and explana-
tion, as in the Prefixed Bridge Explainer, provides
more consistent and semantically aligned outputs
across diverse annotator behaviors.

6. Conclusion

This work demonstrates the importance of Mod-
eling fine-grained annotator perspectives jointly
with explanation generation in natural language
inference. Rather than treating explanations as
post-hoc rationalizations, we show that integrating
annotator-expressed rationales into the predictive
architecture enables more robust modeling of hu-
man diversity. By leveraging explanation-level su-
pervision tied to individual annotations, the model
captures not only label outcomes but also the rea-
soning patterns underlying them, allowing for more
faithful representation of disagreement and inter-
pretative nuance.

Methodologically, we implement an encoder-to-
encoder bridge architecture that explicitly connects
prediction and explanation modules. This structural
coupling enables the model to condition its explana-
tory representations on the same signals that drive
classification decisions, thereby improving macro-
level stability and inferential alignment across anno-
tators. Our results show that Modeling perspectives
through annotator rationales strengthens semantic
consistency and predictive robustness, particularly
in semantically complex categories. Overall, this
work highlights the value of integrating explana-
tion modeling into annotator-aware architectures
for developing more transparent and perspective-
sensitive NLP systems.

7. Limitation

A primary limitation of this work is the dataset used,
which was originally constructed to investigate an-
notation errors in human label variation. Although
the inclusion of annotator-specific rationales repre-
sents a substantial step toward preserving individ-
ual reasoning patterns, the explanations were not
designed to systematically capture controlled vari-
ations in demographic, linguistic, or cultural back-
ground, but were instead targeted toward annota-
tion error detection. As a result, the scope remains
limited, which may constrain the generalizability
of the proposed encoder-to-encoder bridge frame-
work.



We initially proposed extending the ChaOSNLI
instances used in VariErrNLI with explanations writ-
ten by native English speakers to systematically
examine how bilingual versus native annotator ra-
tionales affect modeling outcomes. This extension
would allow a more controlled investigation of lin-
guistic background effects on explanation faithful-
ness and predictive performance. Future work will
focus on expanding the dataset in this direction to
strengthen the empirical foundation of perspective
modeling.

Additionally, an ensemble of the Post-hoc and
Prefixed Bridge approaches presents an interesting
direction for future work, as it could leverage the
strengths of the individual models to produce a
more well-rounded output.

All code and resources developed for this study
are publicly available' to facilitate reproducibility
and further research.
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