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Abstract

Understanding text through multiple perspectives is essential in healthcare community question answering, where
answers frequently contain heterogeneous viewpoints, including experiences, suggestions, causes, follow-up
questions, and informational claims. We present a unified perspective-conditioned framework for both span
identification and perspective-aware summarization on the PerAnsSumm dataset. We approach explicit perspective
samples in transformer models using two parameter-efficient mechanisms: prefix-conditioned representations
and perspective-aware attention layers. First, we use multi-label perspective classification to identify relevant
viewpoints, which serve as conditioning signals for downstream tasks. Span identification for perspective-specific
extraction is modeled as a conditioned binary sequence labeling problem. Summarization, finally, is guided by
perspective-enriched encoder representations. Experiments demonstrate that explicit perspective conditioning
substantially improves span detection performance while achieving competitive summarization quality. Notably,
perspective-aware attention achieves strong results using only a small fraction of the trainable parameters required
by full fine-tuning. Our findings highlight the importance of structured viewpoint modeling and show that explicit
perspective control enables efficient and interpretable multi-perspective text understanding.

Keywords: attention, summarization, span identification, BIO tags, perspective conditioning, multi-label
classification, parameter-efficient approach, prefix tuning

1. Introduction detected and labeled, and Task B: perspective sum-
marization, where summaries must be generated
Text carries multiple viewpoints, such as personal  conditioned on each perspective type (see Figure 1
experiences or factual claims (Cabitza et al., 2023).  for sample input-output patterns).
Understanding text through multiple viewpoints or

perspectives is an essential yet underexplored chal- — M ——
. . . .. was just diagnosed with gallstones in my gall bladder | really don't want to have surgery and have been told that there are other

lenge in NLP. Modeling these perspectives explicitly

is crucial for tasks that require nuanced compre- -~ N foeners N ~

| Have you seen a gastroenterologist?
They can do a minimally invasive
procedure called an ERCP. ... freely. |
had the surgery myself about 10 years
ago. .. after it's over. A diet high in fat
will make gallbladder disease worse,

hension and generation (Frenda et al., 2025).

We address this challenge in the context of the
PerAnsSumm shared task (Agarwal et al., 2025), h - T i \ o
which operates on the PUMA dataset (Naik et al., Pempsciie hised supmeies
2024), a corpus of healthcare community question- Imormation ) | d“g”".K"ﬁ"g”ﬁ(‘}%cﬁinl"a‘by'f”"mg“c.:’:m:“
answering (CQA) threads annotated with five per-

spective types: cause, suggestion, experience,

[ Most galistones are made of pure
cholesterol. You might try a diet with
low fat and very low saturated fats. I've
had the surgery, and it really isn't a big
deal

The best remedy is surgery. | had
surgery to have kidney stones.
removed. The surgery isn't as

bad as you think it may be.

Gallstones left untreated can harm the gallbladder, causing severe infection and potentially death.

question, and information. This mirrors recent in- Sl T e

terest in Data Perspectivism (Cabitza et al., 2023), T T TN
which explores here giving different answers to the [ S
same question, depending on a set of different per- Cuesin B ———

spectives that are defined by samples in the training

data. Perspectives are pertinent in healthcare CQA,

where subjects answer from fundamentally differ- ~ Figure 1: Image from PerAnsSumm (Agarwal
ent epistemic positions — medical professionals, €t al., 2025) Task.? Task A: Span Identification and
patients, and caregivers each bring distinct knowl-  Classification (color-highlighted spans in answers);
edge and lived experience to the same question.  Task B: Summary Generation (Perspective-based
The five perspective categories in PUMA are not ~ summaries).

arbitrary topical bins but operationalization of differ-

ent human standpoints, making perspective-aware Since both tasks are inherently perspective-
summarization and span identification an instance ~ conditioned, they require models that are explicitly
of the perspectivist paradigm. The task has two  aware of these perspectives. We propose a unified
subtasks: Task A: perspective span identification,
where perspective-indicating text spans must be *https://peranssumm.github.io/docs/
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framework centered on perspective conditioning.
We first introduce a multi-label perspective classi-
fier using BART (Lewis et al., 2020), whose outputs
form perspective signals for downstream models.
These signals are then used in two alternate archi-
tectures: one using perspective-conditioned prefix
vectors inspired by PLASMA (Naik et al., 2024),
the other using a perspective-aware attention layer
(inspired by AWAN (Tahaei and Bergler, 2025) and
label attention (Vu et al., 2020)) that encodes the
active perspective into token representations. Both
mechanisms allow the model to selectively attend
to and generate content that is grounded in a spe-
cific viewpoint, rather than aggregating indiscrim-
inately across perspectives. This paper explores
how conditional representations can improve both
span-level identification and abstractive summa-
rization in multi-perspective settings.

2. Prior Work

Perspective summarization for healthcare CQA set-
tings was formally introduced by (Naik et al., 2024),
who proposed the PUMA dataset, a collection of
3167 CQA threads from Yahoo! Answers annotated
with five perspective types: cause, suggestion, ex-
perience, question, and information. They also
proposed PLASMA, a prompt-driven controllable
summarization model built on Flan-T5 with a prefix
tuner and an energy-controlled perspective loss
that enforces perspective-specific attributes in the
generated summary. PLASMA outperformed five
baselines across ROUGE, METEOR, BERTScore,
and BLEU metrics, establishing a strong bench-
mark for the task on the PUMA dataset.

The PerAnsSumm 2025 Shared Task (Agar-
wal et al., 2025) had two subtasks: perspective
span identification and classification (Task A), and
perspective-based answer summarization (Task
B), both evaluated on the PUMA dataset supple-
mented with a new test set of 50 samples. Large
Language Models dominated the competition; 18
of 23 teams used LLMs in some capacity, includ-
ing all top-10 teams. The top-performing system,
WisPerMed (Pakull et al., 2025), achieved high per-
formance with DeepSeek-R1 for span extraction
and instruction-tuned Mistral-7B for summariza-
tion, while YALENLP (Jang et al., 2025) leveraged
GPT-40 in a zero-shot setup, achieving the best
scores on both summarization and span recogni-
tion. In general, there was a shift from fine-tuning
paradigms toward in-context learning and prompt-
based inference.

A different approach to multi-perspective an-
swer summarization in CQA forums is Answer-
Summ (Fabbri et al., 2021), which used an au-
tomated pipeline for creating bullet-point abstrac-
tive summaries by clustering relevant answer sen-
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tences and using cluster centroids as summary tar-
gets. To improve coverage and faithfulness, they
proposed a multi-reward reinforcement learning ob-
jective combining ROUGE (Lin, 2004), NLI-based
entailment (Bowman et al., 2015), and semantic
area rewards, alongside a sentence-relevance pre-
diction auxiliary loss. Their analysis showed that
supervision from multi-perspective data inherently
leads models to generate diverse, multi-viewpoint
summaries, and that the quality of the NLI model
significantly affects downstream performance.

3. Data and Tasks

We use the PerAnsSumm (Perspective-aware
Healthcare Answer Summarization) dataset (Agar-
wal et al., 2025). The dataset consists of health-
care community question answering (CQA) threads,
where each instance contains a question @, a set of
answers A, and annotated perspective information.

The predefined set of perspective categories is:

P = { cause, suggestion, experience, question,
information }

The shared task consists of two complemen-
tary objectives: (i) identifying and classifying
perspective-specific spans in answer texts (Task A),
and (ii) generating perspective-specific summaries
(Task B) (see Figure 1).

In addition to these tasks, we introduce a multi-
label perspective classification task as a prelimi-
nary step for both Task A and Task B2. This task in-
volves classifying each question—answer pair given
in the input into one or more perspective categories.
The classification of question—answer pairs into per-
spective categories in a multi-label setting acts as a
first step for perspective span recognition and per-
spective summarization. The quality of the classifi-
cation models directly influences the performance
of the downstream tasks, as the predicted perspec-
tives serve as conditioning signals for both span
identification and summarization.

The objective of Task A is to identify spans in the
answer text that reflect a particular perspective and
classify each span into the corresponding perspec-
tive category. These perspective spans represent
fine-grained semantic units that characterize how
different viewpoints are expressed within answer
texts.

The objective of Task B is to generate a concise
summary of a question—answer thread that reflects
a specific target perspective p € P. Given a ques-
tion Q, its associated set of candidate answers A,
and a target perspective p, the model is required
to generate a summary Y, that captures only the
information relevant to perspective p from A.

We are using the PerAnsSumm 2025 data and eval-
uation but did not participate in the competition.



The dataset contains 2,533 training instances,
959 validation instances, a test-seen split of 640
instances (a subset of the validation set), and 50
instances in the official test set.

4. Preprocessing

We perform task-specific preprocessing for classifi-
cation, span recognition, and summarization.

Multi-label Classification For  multi-label
perspective classification, we construct ques-
tion—answer pairs (¢, a) consisting of a question a
and one answer ¢ from the corresponding answer
set A belonging to the CQA thread. Using the span
label annotation in the training data, we label each
answer with the set of perspectives present in it.
An answer a is assigned a perspective p; if at least
one annotated span in that answer corresponds to
perspective category p;. This results in a dataset of
question—answer pairs with multi-label perspective
targets for classification.

Span Identification For span recognition, we
construct perspective-conditioned instances for
each perspective p; identified in an answer. For ev-
ery answer and its associated perspectives, we ex-
tract the spans labeled with that perspective along
with their character-level offsets. These spans
serve as target labels and are used only during
training. Since the provided offsets in the dataset
are defined over the raw JSON text, we realign the
span offsets to match the processed answer text
used during model training. The corrected charac-
ter offsets are then converted into token-level BIO
labels to formulate the task as a sequence tagging
problem. For the baseline perspective span identi-
fication model, we adopt a joint tagging formulation
where all perspective spans are predicted simul-
taneously. In this setup, we define separate B—I
label pairs for each perspective category (e.g., B-
info, l-info, B-suggestion, I-suggestion, etc.), while
the O label remains shared across all perspec-
tives. Unlike our perspective-conditioned models,
which process one perspective at a time using
question—answer—perspective triples, the baseline
model operates on question—answer pairs without
explicit conditioning. For each question—answer
pair, we associate the full set of perspectives iden-
tified in that answer. The token-level labels, there-
fore, include spans from all perspectives within
the same sequence, each annotated with its cor-
responding BIO tags. This formulation requires
the model to jointly identify and distinguish spans
belonging to multiple perspectives within a single
tagging space.
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Summarization For summarization, the model
generates summaries across the entire set of an-
swers for a given question, conditioned on a tar-
get perspective. The input is constructed by con-
catenating a short perspective-specific prompt, the
question, and all associated answers into a single
sequence. During training, the dataset is expanded
such that each question—answer thread is paired
separately with each of its perspective-specific gold
summaries. This ensures that the model learns to
generate one summary per perspective for each
question—answer thread. The preprocessing does
not change for the baseline summarization model.

5. Perspective Classification
5.1. MLC: BART Encoder-based
Classification

This system is developed and fine-tuned for multi-
label classification. We employ the encoder com-
ponent only of the transformer-based BART (Lewis
et al., 2020) as the backbone, because BART has
the ability to process longer input sequences com-
pared to architectures such as BERT and RoBERTa.
The BART encoder can accommodate the larger
context of the full question—answer pairs with longer
answers.

The input question—answer pair is concatenated
and fed into the BART encoder. For classification,
we use the final hidden representation of the last
token (EOS), which serves a role analogous to the
[CLS] token in BERT-based models.

Since perspective identification is formulated as
a multi-label classification task, a linear classifica-
tion layer projects the encoder representation into a
vector of dimension |P|, corresponding to the num-
ber of perspective categories. A sigmoid activation
function is applied to obtain independent probabil-
ity scores for each perspective, and the model is
trained using binary cross-entropy loss with class
weights.

5.2. LLC: LLM-based Classification

In addition to the supervised classifier, we develop
an LLM-based classification system for identifying
perspective categories. This system serves as a
robustness baseline by leveraging the few-shot
prompting techniques with large language mod-
els to perform multi-label perspective identification
without task-specific fine-tuning.

The LLM is prompted to assign one or more per-
spective categories to each question—answer pair.
Comparing the supervised and LLM-based classifi-
cation systems allows us to analyze their impact on
downstream span identification and perspective-
aware summarization on the test set. The full



prompt used for the LLM-based classifier is pro-
vided in Appendix 13.1

5.3. Performance Comparison

CM-F1 CW-F1
MLC 71.26 79.91
LLC 72.47 82.17

Table 1: Perspective Classification results. Column
header definitions: CM-F1: Classification Macro
F1, CW-F1: Classification Weighted F1. Row defi-
nitions: MLC: BAT-based Multi-label Classification,
LLC: LLM-based Classification

Table 1 compares the performance of the two
classifiers. The LLM-based few-shot system out-
performs our BART-derived system, and we use it
for all other experiments exclusively.

6. Baselines

6.1.

A BART encoder paired with a CRF layer serves as
the baseline for the perspective span identification
task. We fine-tune a BART encoder (Lewis et al.,
2020) followed by a token-level classification layer
and a Conditional Random Field (CRF) (Lafferty
et al., 2001).

The CRF layer is applied to model dependencies
between adjacent labels and enforce valid BIO tag
transitions during decoding, which is commonly
used in sequence labeling tasks (Huang et al.,
2015).

This baseline model does not incorporate
perspective-conditioned signals. Instead, it per-
forms joint multi-perspective span identification us-
ing a unified tagging space. Specifically, the model
predicts spans for all perspectives simultaneously
within a single sequence tagging formulation.

BLA: Perspective Span Detection

6.2. BLB: Perspective Summarization

This system serves as the baseline for the per-
spective summarization task. We fine-tune a BART
sequence-to-sequence model (Lewis et al., 2020)
without incorporating any perspective-conditioning
modules. The model operates in a standard en-
coder—decoder setting, where the input consists of
the question and all associated answers concate-
nated into a single sequence.

The only explicit perspective signal is pro-
vided through a perspective-specific prompt that
is prepended to the input text (Appendix 13.1.2).
Apart from this prompt-based conditioning, no ad-
ditional architectural modifications or perspective-
aware mechanisms are introduced.
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7. Span Identification
7.1. PTA: Prefix-Conditioned Span
Identification

We implement a prefix-conditioned span identifica-
tion model that extends the baseline BART+CRF
architecture by introducing a prefix module, follow-
ing the prefix-tuning paradigm (Li and Liang, 2021).
For each target perspective, a prefix representation
is generated using the prefix module containing a
prefix encoder and a prefix MLP.

The prefix encoder maps a given perspective
prompt into a fixed-dimensional embedding using
a sentence transformer (Reimers and Gurevych,
2019) model. This 768-dimensional embedding is
then transformed by a learnable prefix MLP into a
sequence of k dense prefix vectors, where k de-
notes the prefix length. These k prefix vectors are
prepended to the input token embeddings before
being passed to the BART encoder.

Unlike standard prefix-tuning approaches (Naik
et al., 2024; Li and Liang, 2021), where the back-
bone transformer model remains frozen, we jointly
optimize both the prefix modules and the encoder
parameters. Since span labels are defined only
over the original input tokens, we discard the first &
encoder representations corresponding to the pre-
fix tokens and apply the classifier and CRF only to
the remaining token representations.

We conduct an ablation study by varying the pre-
fix length to analyze its impact on span extraction
performance (see Table 2).

7.2. PAA: Perspective-aware Attention
for Span Identification

In this alternate approach, we extend a baseline
BART+CRF sequence labeling model by introduc-
ing a perspective-aware attention layer between
the encoder and the token-level classifier. This
layer explicitly conditions token representations on
a target perspective by injecting a learned perspec-
tive embedding through cross-attention. Because
each token attends to the perspective embedding,
the resulting representations become perspective-
dependent, encouraging the model to emphasize
tokens that are most indicative of perspective-
specific span prediction.

To preserve the pretrained knowledge of BART,
the encoder parameters are kept frozen during train-
ing. Only the perspective-aware attention modules,
the token-level classification layer, and the CRF
decoding layer are trained. This design allows the
model to learn perspective-specific span extraction
while limiting the number of trainable parameters.

Given an input answer A;, the encoder produces
contextualized token representations:



H:{hl,hg,...,hn}, hiERd

For a target perspective p, we obtain a perspec-
tive embedding z, € R¢, which is learned as a
trainable parameter.

We implement a cross-attention mechanism
where the encoder outputs act as the Query (Q),
while the perspective embedding provides the Key
(K) and Value (V):

Q=HWq,

where Wq, Wi, Wy are learnable projection matri-
ces. The attention output is computed as:

QK
)"

This attention mechanism injects perspective-
specific information into the token representations
by allowing each token to attend to the target per-
spective embedding. The resulting representation
is combined with the original encoder representa-
tions using a residual connection:

H = H + Atin(H, z,).

K= ZpWK7 V= ZpW‘/a

T

Attn(H, z,) = softmax (

To capture perspective-specific patterns, we train
a separate attention module for each perspective.
That is, for each p € P, a distinct attention layer
with its own parameters is optimized independently.
This formulation models span recognition as a
perspective-conditioned binary sequence labeling
task.

The enriched token representations H are then
passed through a linear classification layer to pre-
dict token-level BIO labels for span extraction.

We conduct an ablation study comparing a single
key vector with multiple key vectors per perspective
to evaluate how the number of perspective keys
affects span extraction performance (see Table 2).

8. Perspective Summarization
8.1. PTB: Prefix-Conditioned
Summarization

We implement a prefix-conditioned summariza-
tion model by extending the baseline BART en-
coder—decoder architecture with a prefix module.
The prefix module follows the same design as in the
prefix-conditioned span identification model, where
a given perspective prompt is encoded and trans-
formed into a sequence of k prefix vectors that are
prepended to the encoder input embeddings. Each
prefix vector is also transformed to the BART-large
embedding dimension of 1024 in the prefix MLP
layer.

Unlike the span identification setting, we do not
discard the first k encoder representations, as sum-
marization is a generation task. The decoder at-
tends over the full set of encoder representations,
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including the prefix tokens, allowing the enriched
perspective-conditioned signals to influence con-
tent selection during generation.

We conduct the same ablation study as per-
formed for the span identification task (see Table 3).

8.2. PAB: Perspective-aware Attention
for Summarization

We extend a baseline BART encoder-decoder sum-
marization model by adding a perspective-aware at-
tention layer between the encoder and the decoder.
The approach is similar to perspective-aware at-
tention for span recognition. The primary differ-
ence from the span recognition model lies in the
backbone transformer and the role of the attention
outputs in generation.

Given a question @, its associated answers A,
and a target perspective p, the objective is to gen-
erate a summary Y}, that captures content aligned
with the specified perspective. The input sequence
is first encoded by the BART encoder to produce
contextual representations

H = {hy,ha,... hy}, h; € RY
As in the span recognition model, the
perspective-aware attention module condi-

tions these encoder representations on a learned
perspective embedding z,, producing enriched
representations H. Unlike the span recognition
setting, where these representations are used for
token classification, the enriched encoder states
H are provided to the BART decoder to generate
the summary autoregressively.

To preserve the pretrained knowledge of the
summarization model, both the BART encoder
and decoder are kept frozen during training. Only
the perspective-aware attention modules are fine-
tuned. As in the span recognition system, we train
separate attention modules for each perspective,
resulting in perspective-specific parameters that
are optimized independently.

During inference, the multi-label classification
system predicts the set of relevant perspectives
P; for a given input. For each predicted perspec-
tive p € P;, the corresponding attention module is
activated to produce perspective-conditioned en-
coder representations H, from which the decoder
generates a perspective-specific summary.

We further conduct an ablation study compar-
ing the use of a single key vector with multiple key
vectors per perspective to analyze how the num-
ber of perspective keys influences summarization
performance (see Table 3).



9. Implementation

9.1. Training Setup

All models are implemented using the Hugging-
Face Transformers library and optimized using the
AdamW optimizer (Loshchilov and Hutter, 2019).
Parameters belonging to the BART backbone are
trained with a learning rate of 5 x 10~°, a commonly
used setting for fine-tuning pretrained transformers
(Lewis et al., 2020; Devlin et al., 2019). Unless oth-
erwise specified, models are trained for 30 epochs.

Two learning rate scheduling strategies are
used. Prefix-conditioned systems use Reducel-
ROnPlateau to adapt the learning rate when valida-
tion loss plateaus. Perspective-aware attention sys-
tems use a LambdaLR scheduler with a warmup fol-
lowed by cosine decay, which gradually increases
the learning rate early in training and then smoothly
decays it, improving training stability (Vaswani et al.,
2017; Loshchilov and Hutter, 2017).

Span identification models are trained using a
joint objective combining Conditional Random Field
(CRF) loss and token-level cross entropy (CE):

L=Lcrr+ AceELcE

where \cg = 0.7. Weighted CE is used to ad-
dress class imbalance in BIO labels with weights
[0.524,32.61,1.944] for O, B, and I classes. All
span identification systems use the BART-base
encoder (Lewis et al., 2020) with a maximum se-
quence length of 899 tokens. Summarization sys-
tems use BART-large-CNN with a maximum length
of 512 tokens, except for prefix-based summariza-
tion which uses 899 tokens. Gradient clipping is
applied for attention-based span identification and
summarization models.

Prefix-Conditioned Span Identification The
prefix encoder is implemented using a sentence-
transformer (all-mpnet-base-v2 (Song et al., 2020)),
with the prefix encoder and the first six layers of
the BART encoder frozen to stabilize training. The
prefix encoder uses a learning rate of 1 x 10~° with
weight decay 0.1, while the prefix projection MLP
uses 3 x 10~* with weight decay 1 x 10~%. The CRF
layer is trained with 1 x 102 and the classification
layer with 2 x 1074,

Perspective-aware Attention for Span Identifi-
cation The BART encoder remains frozen while
only the attention and span prediction layers are
trained. Due to slower convergence observed in
validation, the model is trained for 50 epochs.

BART Encoder with CRF The baseline span
identification system uses the BART-base model’s

encoder followed by a CRF layer for sequence la-
beling. Similar to other span systems, training uses
the combined CRF and weighted CE loss.

Prefix-conditioned Summarization The prefix
encoder uses a sentence-transformer backbone
where the first six layers are frozen. Within the
BART encoder-decoder backbone, most layers are
frozen while the final two layers of both encoder
and decoder are unfrozen for task adaptation. The
prefix encoder uses a learning rate of 1 x 10~5 with
weight decay 0.1, and the prefix MLP uses 3 x 10~4
with weight decay 1 x 1074,

Perspective-aware Attention for Summarization
This system introduces a perspective-aware atten-
tion layer between the encoder and decoder of
the BART-large-CNN model with a maximum in-
put length of 512 tokens. The loss for the EOS
token is down-weighted by 0.2 to reduce bias to-
ward early sequence termination while still allowing
the decoder to learn appropriate stopping behavior.

Baseline Summarization The baseline summa-
rization system fine-tunes the standard BART-large-
CNN encoder-decoder architecture for perspective
summarization with a maximum token length of
512.

BART-based Multi-label Classification Per-
spective classification is performed using a BART-
base encoder with a token length of 899 and a
multi-label classifier applied to the EOS token rep-
resentation. The model is trained using weighted
binary cross entropy (BCE) loss to address class
imbalance across perspective categories, with a
learning rate of 1 x 107°.

LLM-based Classification We additionally eval-
uate a prompt-based classification system using
the Qwen3-8B-AWQ (Yang et al., 2025) model. The
model is hosted via vLLM* for faster and efficient
inference. A few-shot prompting strategy is used to
classify question-answer pairs into their respective
perspective categories.

9.2. Evaluation and Outcomes

We follow the evaluation protocol defined in the Per-
AnsSumm shared task (Agarwal et al., 2025). Clas-
sification performance in Table 1 is measured using
Macro F1 and Weighted F1 scores. Macro F1 treats
all perspective classes equally, while Weighted F1
accounts for class imbalance by weighting each
class according to its support.

“https://docs.vllm.ai/en/latest/
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K/PL CM-F1 CW-F1  SM-F1  PM-F1
PAA 1 74.54 82.0 8.18 61.96
PAA 5 75.92 82.65 9.91 59.92
PAA 16 75.34 8243 10.62 58.80
PTA 1 72.97 80.50 10.89  41.87
PTA 5 73.68 8247 11.00 52.14
PTA 16 73.12 81.63 11.06 52.50
BL - 50.94 62.62 473  28.99

Table 2: Perspective Span Classification and Iden-
tification results. Column header definitions: K/PL:
Key/Prefix Length, CM-F1: Classification Macro
F1, CW-F1: Classification Weighted F1, SM-F1:
Strict Matching F1, PM-F1: Proportional Matching
F1 (Only F1 scores, the precision and recall metrics
are available in Table 4 in Appenedix 13.2) Table
row definitions: PAA: Perspective-Attention, PTA:
Prefix Tuning, BLA: Baseline (BART+CRF)

K/PL R-1 BS MT BU
PAB 1 2497 7932 1893 4.23
PAB 5 3420 81.17 26.85 8.24
PAB 16 37.47 81.75 30.03 9.68
PTB 1 3641 8113 30.18 11.57
PTB 5 39.09 81.64 32.15 12.24
PTB 16 36.15 81.33 29.52 10.58
BLB - 36.70 81.70 29.02 8.97

Table 3: Perspective Summarization results. Col-
umn header definitions: K/PL: Key or Prefix Length,
R-1: ROUGE-1, BS: BERTScore, MT: METEOR,
BU: BLEU. Row definitions: PAB: Perspective-
Attention, PTB: Prefix Tuning, BLB: Baseline BART
encoder-decoder. ROUGE-L and 2 are available in
Table 5 (Appendix 13.2)

Span recognition in Table 4 is evaluated using
token-level F1 scores under two matching criteria:
strict matching and proportional matching. Strict
matching requires exact alignment between pre-
dicted and gold span boundaries, while proportional
matching measures maximum token-level overlap
between predicted and gold spans, allowing partial
credit for boundary mismatches.

Summarization systems are evaluated only us-
ing ROUGE (Lin, 2004), BLEU (Papineni et al.,
2002), METEOR (Banerjee and Lavie, 2005), and
BERTScore (Zhang et al., 2020) in Table 5. These
scores evaluate the lexical and semantic metrics
similarity between the reference and prediction
summaries.

For evaluation, we use the test-seen data to
evaluate locally, as the Codabench server® of the
shared task does not work at times in the post-
evaluation phase. We use LLM classification for all
the systems, as we observed a slight improvement
in performance from the BART-based Multi-label

Shttps://www.codabench.org/
competitions/4312/
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Classification (Table 1). The results are available
in Tables 2, 3, 4, and 5.

Classification Task We first analyze the classi-
fication results derived from span predictions. A
perspective is considered present if at least one
non-‘O’ span exists. If the gold annotation contains
no span for a perspective and the model predicts
one, the prediction is counted as incorrect.

We observed that the BART-based classifier per-
forms slightly worse than the LLM-based classifier
on the test set (Table 1). Therefore, we use the LLM
classifier for both the span identification and sum-
marization systems to maintain consistency across
tasks. However, the baseline span identification
does not use the classification output, as they are
trained to predict all perspective spans jointly.

Span Identification Table 4 shows that the base-
line underperforms in almost all span metrics ex-
cept Proportional Matching Precision (PM-P). While
it achieves high PM-P (74.25), its Proportional
Matching Recall (18.01) is very low, leading to poor
overall PM-F1 (28.99). This suggests that the base-
line predicts very few spans and does so conser-
vatively.

Both PAA and PTA substantially improve strict
and proportional F1 scores. Strict Matching F1
improves from 4.73 in the baseline to 10.62 for
PAA (K = 16) and 11.06 for PTA (PL = 16). Pro-
portional Matching F1 improves from 28.99 in the
baseline to 61.96 for PAA (K = 1) and 52.50 for
PTA (PL = 16).

A significant difference is observed in Propor-
tional Matching Recall (PM-R) between PAA and
PTA. PAA consistently achieves higher PM-R
(above 50 across key sizes), whereas PTA shows
substantially lower PM-R, particularly at smaller
prefix lengths (e.g., 30.54 at PL = 1). This indi-
cates that PAA is better at recovering overlapping
spans with the gold annotations, while PTA tends to
be more conservative in recall despite comparable
strict F1 at higher prefix lengths.

PAA uses approximately 2.36M trainable param-
eters across key sizes (K = 1: 2.36M, K = 5:
~2.36M, K = 16: 2.37M), compared to 139.42M
in the fully fine-tuned baseline. Despite this large
reduction in trainable parameters, PAA significantly
outperforms the baseline across nearly all metrics.
As the number of keys increases, Strict Match-
ing F1 improves, while Proportional Matching F1
slightly decreases. Empirically, K = 5 provides
the best trade-off between strict and proportional
performance, indicating that too few keys under-
represent perspective cues, while too many may
introduce redundancy given the dataset size.

Prefix tuning uses substantially more trainable
parameters (PL = 1: 86.23M, PL = 5: 87.42M,
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PL = 16: 90.67M). As prefix length increases,
Strict F1 slightly improves, and Proportional Match-
ing Recall increases, indicating greater token over-
lap between predicted and gold spans. However,
even at higher prefix lengths, PTA does not match
the proportional PM-R levels achieved by PAA in
Table 4.

The span systems were not explicitly trained with
negative spans (i.e., cases where all tokens are la-
beled ‘O’ for a perspective). Despite this, both PAA
and PTA remain robust as key or prefix length in-
creases, as reflected in stable classification scores
and improved recall. To further experimentally as-
sess to what extent the perspectives are formed
during training and to what extent the LLM can
extrapolate to unseen perspectives, we created
synthetic data introducing a new unseen perspec-
tive termed reassurance. We tested the trained
prefix-based span system without retraining. Out
of three synthetic examples, two showed reason-
able overlap between predicted and synthetic gold
spans. While this indicates partial generalization to
unseen perspectives, performance was inconsis-
tent. This may be due to the limited dataset size,
imbalance between existing perspectives, and the
fact that only five perspectives were used during
training. To better demonstrate the capacity of the
prefix MLP to encode new perspectives, experi-
ments with a larger number of perspectives and
more balanced data would be necessary.

Summarization Table 3 presents the results for
perspective-aware summarization. In contrast to
the span identification task, the differences be-
tween the baseline, PAB, and PTB systems are
less pronounced. Most configurations perform very
close to the fully fine-tuned baseline, with several
slightly underperforming it.

The baseline achieves strong overall perfor-
mance (R-1: 36.70, BERTScore: 81.70, METEOR:
29.02, BLEU: 8.97). PAB at K = 16 (R-1: 37.47,
METEOR: 30.03) and PTB at PL = 5 (R-1: 39.09,
METEOR: 32.15, BLEU: 12.24) slightly outperform
the baseline on multiple metrics. However, the im-
provements are modest, and overall performance
remains within a narrow range across systems.

What is particularly noteworthy is the parame-
ter efficiency. The baseline uses approximately
406M trainable parameters, whereas PAB uses
only about 4.2M parameters, which is roughly 1%
of the baseline. Despite this drastic reduction in
trainable parameters, PAB performs very close to
the fully fine-tuned model. This highlights the effec-
tiveness of attention-based perspective condition-
ing as a parameter-efficient fine-tuning strategy and
emphasizes the importance of explicitly modeling
perspectives in summarization.

We also observe that, unlike in span identifica-
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tion, PAB benefits from increasing the number of
keys in summarization, with performance steadily
improving from K = 1 to K = 16. This suggests
that richer perspective embeddings help guide gen-
eration more effectively in a sequence-to-sequence
setting. PTB exhibits a similar but less stable trend,
with the best performance at PL = 5 and slight
degradation at PL = 16, indicating that longer pre-
fixes may introduce redundancy or noise during
generation. PTB uses substantially more trainable
parameters (PL = 1: 70.14M, PL = 5: 72.24M,
PL = 16: 78.02M).

Despite incorporating a weighted EOS loss in
the attention-based summarization system, we do
not observe consistent improvements over PTB.
This suggests that the choice of the EOS weight-
ing hyperparameter Aeos may require further tuning.
Overall, the results indicate that perspective-aware
modeling achieves competitive performance with
significantly fewer trainable parameters, demon-
strating strong parameter efficiency while maintain-
ing summarization quality.

10. Conclusion

This work demonstrates that explicitly modeling per-
spective is not merely an auxiliary enhancement but
a structural principle for multi-view text understand-
ing. By separating perspective signals from surface
lexical cues and injecting them directly into repre-
sentation learning, our framework reframes span
identification and summarization as conditioned
reasoning tasks rather than generic text processing
problems. The results show that perspective con-
ditioning reshapes token-level and sequence-level
representations in meaningful ways, enabling mod-
els to distinguish overlapping perspectives within
the same discourse. Importantly, the effectiveness
of lightweight attention modules suggests that per-
spective control does not require extensive param-
eter updates but instead benefits from targeted rep-
resentational steering. This highlights that explicit
perspective conditioning introduces modular and
controllable structure into transformer models, en-
abling targeted analysis of perspective-specific be-
havior while maintaining parameter efficiency. Fu-
ture work will explore perspective-specific adapter
modules and supervised contrastive objectives to
encourage stronger separation between perspec-
tive representations. We also plan to explore prefix-
based conditioning strategies that better support
generalization to previously unseen perspectives.
Additionally, evaluating the model across domains
will help determine whether it captures abstract
viewpoint structures or relies on domain-specific
patterns, thereby providing deeper insight into how
perspective-sensitive knowledge is represented
and transferred.
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13.1.
13.1.1.

13. Optional Supplementary Materials

Appendix A

Perspective Classification Prompt

You are a perspective
classification agent for a given
text.

You need to identify different
perspectives in the given text
and classify them into one of the
following categories:

1. EXPERIENCE

2. INFORMATION

3. CAUSE

4. SUGGESTION

5. QUESTION

Guidelines: - A perspective can

occur only once in a text.

— One text can have up to 5
unique perspectives.

— Do not repeat the same
perspective again.

Refer to the following examples
for guidance.

Example 1:
Question: what is parkinesonism?
Answer: u spelt it wrong

!''Parkinson’s disease is one of
the most common neurologic
disorders of the elderly. The
term “parkinsonism” refers to any
condition that causes any
combination of the types of
movement abnormalities seen in
Parkinson’s disease by damaging
or destroying dopamine neurons in
a certain area of the brain.

Output: ["INFORMATION"]

Example 2:

Question: I scream, shout and
swear in my sleep. How do I
stop?

Answer: I think that you have a

stress on your daily life. I
think that is not bad to do some
following things, If you caould
find any way, you will be happy,
otherwise, you have to go to a
psyc.

1) Keep out yourself from stress,
during your day.
2) Try to sleep,
are really tired. (excuse me for
this example!) Like after a
sweet sex! try to find that are
you in this situation after sex,
If No, it shows that you
try to sleep, before it needs.

3) Read Book, or newsletter
before sleep.

4) Drink one glass warm (NOT HOT)
milk.

just when you

or not?
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5) Do some sort of excersice
before sleeping.

6) If you have any problem in
your dream, try to solve it by
someone that you are fighting
with. I mean, before your
sleeping (Specially when your
husband is not at home, because I
want to nobody awake you) try to
solve your problem with your
dream fighter!! Yes, it is funny
but true. Try to find a logical
way for treating out this
conflict with your dream.

i wish a good dream and sweet
night, beside of your sweet
husband.

Output: ["SUGGESTION", "CAUSE"]
Example 3:
Question: Are their any good

home remedies for tooth pain?
Answer: yes— keep water in your
mouth for 24 hours a day.

i drank about 5 each 16 oz
bottles for a few days (the
coolness of the water actually
moderated the pain). After a few
days, no pain. I had flushed it
clean and was able to function
until I could get to a dentist.

Output: ["EXPERIENCE"]
Example 4:
Question: Is 24 too old to

consider become pregant?

Answer: Only the 24 year old can
ask themselves that question —-—
are they personally ready?
Typically it’s good to make sure
you’re financially lined up to
have a baby (makes life easier),
and that your home environment
would be condusive to a baby
being around, but it’s the
parents that need to know if
they’re ready. I know 35+ year
olds that weren’t ready vet.
Good luck! Output: ["QUES-
TION", "SUGGESTION", "EXPERIENCE"]

With the examples above, classify
the answer for the given question
into at least one of the given
categories. The answer should be
in the same format as the output
of the examples.
more than one category for each
answer.

There can be

Think step-by-step before
deciding the output.

The text is: Question:
{question} Answer: {answer}
Output:

** Return only the output, do not
return anything else **



13.1.2. Summarization Prompt

For the {perspective}

perspective,
answer for the question below:
Question:

Answers:

{question}
{answers}

13.2. Appendix B

Table 4 shows detailed span matching metrics.

summarize the given

K/PL  SM-P SM-R PM-P PM-R
PAA 1 9.37 7.25 68.98 56.24
PAA 5 10.76 9.18 67.02 54.19
PAA 16 11.03 10.23 67.09 52.33
PTA 1 1080 10.98 66.58 30.54
PTA 5 1049 1155 6239 44.78
PTA 16 10.58 11.59 63.27 44.86
BLA - 8.96 3.22 7425 18.01

Table 4: Perspective Span Classification and Iden-
tification results. Column header definitions: K/PL:
Key/Prefix Length, SM-P: Strict Matching Precision,
SM-R: Strict Matching Recall, PM-P: Proportional
Matching Precision, PM-R: Proportional Matching
Recall. Table row definitions: PAA: Perspective-

Attention, PTA: Prefix Tuning, BLA: Baseline

Table 5 shows ROUGE-2 and ROUGE-L (Lin, 2004)

metrics for Summarization.

K/PL ROUGE-2 ROUGE-L
PAB 1 9.61 22.0
PAB 5 15.55 30.72
PAB 16 18.84 34.01
PTB 1 17.33 32.39
PTB 5 18.90 34.84
PTB 16 17.84 32.29
BLB - 18.12 32.28

Table 5: ROUGE-2 and ROUGE-L scores for sum-
Column header definitions:

marization.

Key/Prefix Length. Table row definitions: PAB:
Perspective-Attention, PTB: Prefix Tuning, BLB:

Baselin

e

K/PL:
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