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Abstract

We study interpretable, decision-centric NLP for operational settings that require ac-
countability and robustness under uncertainty. We introduce ProtoLens, a prototype-
based model that produces fine-grained (sub-sentence) rationales aligned to seman-
tically coherent prototypes, enabling principled integration with OR-style decision
rules (e.g., cost- and risk-sensitive thresholds, audits, and overrides). Across
text classification benchmarks, ProtoLens provides interpretable, human-aligned
explanations while matching or exceeding competitive baselines.

1 Introduction

Deep neural networks (DNNs) have achieved remarkable success in text classification tasks [18, 21, 1],
but their black-box nature limits deployment in operational contexts requiring interpretability for
uncertainty quantification and risk assessment [5, 33]. In domains like customer service operations
and financial risk analysis, understanding why models make specific predictions is crucial for ro-
bust, uncertainty-aware decision-making. While post-hoc methods lack consistency for reliable
deployment [14, 24], inherently interpretable models provide the transparency needed for principled
decisions under uncertainty [25].

Figure 1: Interpretable Classification.

Prototype-based methods bridge ML capabili-
ties and OR principles by generating predictions
through comparison with prototypical exam-
ples, providing structured frameworks aligned
with OR’s emphasis on interpretable decision
rules. Though extensively studied in computer
vision [8, 22, 28, 43], their application to NLP
for operational decision-making remains lim-
ited [12, 23, 38]. These models offer intuitive
interpretability crucial for risk-aware decisions
– for instance, using prototypical customer re-
views to classify sentiment and inform resource allocation.

However, existing prototype-based models typically operate at the instance/sentence level, lacking
the granularity needed for actionable insights in complex operational scenarios [12, 23]. Consider
customer feedback like "The visuals were stunning, but the plot was too predictable" – instance-level
prototypes miss nuances critical for targeted interventions (e.g., maintaining visual quality while
improving plot development). This limitation prevents granular decision-making and feature-level
uncertainty quantification essential for operational responses.

We propose ProtoLens, a novel prototype-based model integrating ML flexibility with OR’s structured
decision frameworks for fine-grained, uncertainty-aware operational support. As illustrated in
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Figure 2: Model Structure.

Figure 1, ProtoLens extracts prototype-specific sub-sentence spans, enabling transparent decision
support through selective prototype activation.

ProtoLens embeds OR insights through two core modules: (1) Prototype-aware Span Extraction
using Dirichlet Process Gaussian Mixture Models (DPGMM) [11, 30] for probabilistic span ex-
traction with uncertainty quantification, and (2) Prototype Alignment ensuring prototypes remain
semantically and operationally meaningful throughout training.

Extensive experiments demonstrate ProtoLens outperforms baselines while providing actionable,
uncertainty-aware explanations suitable for operational contexts where interpretability and risk
assessment are paramount.

2 Method

To deliver inherently interpretable predictions at a fine-grained level, we introduce ProtoLens, a
prototype-based interpretable neural network. ProtoLens is designed to overcome two primary
challenges: (C1) How to effectively extract text spans associated with a given prototype to
provide interpretable predictions? and (C2) How to ensure learned prototypes are semantically
reasonable and effective for interpretation? To address C1, we propose a Prototype-Aware Span
Extraction module, which extracts most relevant text spans for prototypes by a Dirichlet Process
Gaussian Mixture Model. To address C2, we design a Prototype Alignment mechanism to adaptively
align prototype embeddings to representative data samples through training. The overall model
architecture is illustrated in Figure 2. A detailed analysis of prototype alignment and the learning
objectives is provided in Appx. C and Appx. D.

2.1 Overall Structure

Given a corpus of textual data D = {(xi, yi)}, where i = 1, . . . , N , each instance xi is associated
with a label yi ∈ Y , our model processes the text through a text encoder, such as BERT [7],
ψ : X → Rd, where X represents the space of inputs and d is determined by the encoder.

For a text instance x, it is first inputted to an Prototype-aware Span Extraction module, containing
a set of trainable prototypes P = {pk ∈ Rd : k = 1, . . . ,K}, where each prototype is represented
by a learnable embedding, and the hyperparameter K is the number of prototypes specified. The
model will deliver classifications by comparing the input to these prototypes. For each prototype k,
we identify a relevant text span xk ⊆ x, which represents a sub-sentence capturing the most relevant
portion of x associated with that prototype. We then use an encoder ψ to compute an embedding for
each extracted span xk: zk = ψ(xk).

The similarity between zk and prototype pk is then computed as sk = RMSNorm(cos(zk,pk)). The
final prediction is computed via an interpretable model f applied to the similarity vector across all
prototypes s = [s1, s2, . . . , sK ]: ŷ = f(s), where s captures the proximity to all prototypes, serving
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as features for the final prediction; and f can be any interpretable models, such as decision tree or
logistic regression. In this paper, we adopt the logistic regression as f .

Model Interpretation. The interpretability of ProtoLens is two-fold. First, it employs prototypes
aligned with real-world text sentences to represent human-understandable concepts, assigning weights
that reveal their presence and importance in predictions, ensuring intrinsic interpretability. Second, it
extracts input spans most relevant to the activated prototypes, allowing users to intuitively compare
these spans with the corresponding prototypes for fine-grained interpretability. These prototypes serve
as features for an interpretable classifier, such as logistic regression, which provides an additional
layer of transparency. Logistic regression assigns interpretable coefficients to each prototype, offering
clear insights into how each prototype contributes to the final prediction. As illustrated in Figure 1,
ProtoLens highlights spans from the input text that relevant to prototypes. For example, spans
like "powerful emotions" and "script was well-crafted" align with Prototype 1 and Prototype 3,
respectively, contributing positively to the prediction. In contrast, Prototype 2, "The script is dull and
uninspired", is not activated and thus has no contribution to the prediction.

2.2 Prototype-aware Span Extraction

To extract the most relevant spans of the input text x for each prototype, we divide the input x
into n-grams x = (ct)

T
t=1, where ct denotes the t-th n-gram, T is the total number of n-grams,

and n is a hyperparameter. A text span is composed of consecutive n-grams. The text encoder
processes each part ct ∈ x to produce an embedding et = ψ(ct) ∈ Rd. The similarity mt,k between
the part embedding et and the prototype embedding pk is then measured using cosine similarity:
mt,k = cos(et,pk). The intermediate output of the module is the similarity vector between each text
input and prototype k, denoted as mk = (mt,k)

T
t=1.

2.2.1 Similarity Distribution Modeling by DPGMM

Identifying the most relevant text spans that align with a prototype is a challenging task due to the
inherent complexity and variability of patterns in natural language. The primary aim of employing
"fine-grained prototypes" is to extract text spans of flexible lengths, rather than relying on rigid
instance/sentence-level, or fixed-size windows.

To address this challenge, we use a Dirichlet Process Gaussian Mixture Model (DPGMM) [11, 30],
which represents the relevance between prototypes and text spans as a probability distribution.
By modeling similarity distributions in mk with Gaussian components, DPGMM provides an
effective framework for dynamically identifying high-similarity regions in the input text, thereby
facilitating the extraction of flexible and relevant text spans. DPGMM approximates mk using up
to G Gaussian components: p(mk) =

∑G
g=1 πg · N (mk | µg, σg), where πg is the mixture weight,

and N (mk | µg, σg) is the Gaussian distribution with mean µg and standard deviation σg .

We deploy a neural network based method to learn these parameters following existing works [42, 4].
Specifically, we first learn a hidden representation h = MLP(mk) and compute these parameters
as: µ = sigmoid(Wµh + bµ) × T , σ = exp(Wσh + bσ), ν = sigmoid(Wπh + bπ), and
πg = νg

∏g−1
ℓ=1 (1 − νℓ) for g = 1, . . . , G. Here, µ and σ are the parameters for the Gaussian

components, while π is determined using the Stick-Breaking Process [31], allowing for an adaptive
number of components. Detailed explanations can be found in Appendix B.

2.2.2 Span Extraction

To extract a span that focuses on the most relevant area of the text, we select the Gaussian component
with the highest mixture weight πg = max(π), characterized by (µg, σg). Then, µg serves as the
center of the span, while σg defines its length. The span is thus given by: xk = x[µg − σg, µg + σg].

3 Experiments

To deliver inherently interpretable, fine-grained predictions, we present ProtoLens, a prototype-based
network addressing two challenges: (C1) extracting prototype-relevant text spans and (C2) ensuring
semantically coherent prototypes. For C1, Prototype-Aware Span Extraction uses a Dirichlet Process
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Table 1: Performance of ProtoLens in comparison with baselines.
Model IMDB Amazon Yelp Hotel Steam DBPedia Consumer
Llama-3-8b 0.813 0.767 0.787 0.787 0.667 0.768 0.807
MPNet 0.846 0.899 0.950 0.961 0.913 0.991 0.933
Bag-of-words 0.877 0.830 0.908 0.905 0.844 0.993 0.930
ProSeNet 0.863 0.875 0.932 0.930 0.834 0.984 0.878
ProtoryNet 0.871 0.890 0.941 0.949 0.876 0.991 0.927
ProtoLens(MPNet) 0.903 0.937 0.962 0.963 0.931 0.995 0.945

Gaussian Mixture Model (DPGMM) to select salient sub-sentence spans. For C2, Prototype Alignment
adaptively anchors prototype embeddings to representative samples during training. Additional
analyses, including hyperparameter sensitivity and ablation studies, are provided in Appx. J I.

3.1 Prediction Accuracy

We evaluate the accuracy of ProtoLens against several competitive baselines, including both prototype-
based and non-prototype-based methods. The results are presented in Table 1. ProtoLens consistently
achieves the highest scores, outperforming the baselines in all cases. The consistently higher
performance of ProtoLens demonstrates its effectiveness and robustness across diverse domains,
highlighting its superiority in leveraging fine-grained interpretability without sacrificing accuracy.

3.2 Model Interpretations

Two-fold interpretability. ProtoLens provides (i) prototype-level interpretations by aligning learned
prototypes to representative training sentences with weights, exposing which concepts are present
and how strongly they contribute; and (ii) span-level interpretations by extracting input spans most
relevant to activated prototypes, enabling fine-grained, example-based rationales.

3.2.1 Prototype Interpretation

Figure 3: Aligned prototypes with training sentences.

Trained on IMDB with K=10 prototypes,
ProtoLens learns concise, human-readable
concepts (e.g., acting, horror, humor, sto-
ryline, execution). Fig. 3 shows five ran-
domly selected prototypes and their aligned
sentences. Despite their brevity, these pro-
totypes capture salient factors and enable
quick inspection of the model’s reasoning.
Additional examples appear in Appx. G.

3.2.2 Classification Interpretation

For a test input, ProtoLens extracts the
most relevant span per prototype, computes
span–prototype similarity, and aggregates
weighted activations into a prediction. In a
positive IMDB example (Fig. 9), the top ac-
tivations emphasize entertainment (“highly
entertaining flick”, sim. 0.708, weight 0.985), humor (“crime comedy . . . very funny”, 0.549, 0.247),
and acting (“some great actors . . . ”, 0.730, 0.931), yielding POSITIVE. In a negative example
(Fig. 11), activations highlight cheap effects (“cheap special effects”, 0.657, −0.956), frustration
(“watching it the whole 2 hours”, 0.676, −0.809), and missing character development (“no character
development”, 0.664, −0.756), yielding NEGATIVE. More cases are in Appx. G.

4 Conclusion

In this paper, we present ProtoLens, a prototype-based model offering fine-grained, sub-sentence
level interpretability for text classification. we introduce a Prototype-aware Span Extraction module
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with a Prototype Alignment mechanism to ensure prototypes remain semantically meaningful and
aligned with human-understandable examples. Extensive experiments across multiple benchmarks
show that ProtoLens outperforms both prototype-based and non-interpretable baselines in accuracy
while providing intuitive and detailed explanations.
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A Related Work

Post-hoc Explanations. Several post-hoc methods interpret DNN models by analyzing gradients or
neuron activations, such as Integrated Gradients [34, 29], DeepLift [19], and NeuroX [27]. (author?)
[41] proposed a hierarchical method to capture interaction effects, later adapted by (author?) [16] for
text classification. In sentiment analysis, contextual decomposition [26] identifies sentiment words
and their contributions. Attention-based models, such as (author?) [3, 32], analyze attention weights,
though (author?) [15] question their explanatory power.

Prototype-based Deep Neural Networks. Prototype-based deep neural networks enhance in-
terpretability by using prototypes as intuitive references for decision-making, a concept rooted in
traditional models [37, 9, 17]. While prototype-based reasoning has been extensively developed in
CV, with methods like ProtoPNet [6] for image classification and ProtoVAE [10] introducing diverse
and interpretable prototypes, its application in NLP is a relatively new area. Early works such as
ProSeNet [23] adapted prototype-based reasoning for text classification, followed by ProtoAttend [2],
which employed attention mechanisms for dynamic prototype selection. Recently, ProtoryNet [12]
introduced prototype trajectory modeling to improve interpretability across domains. Despite these
advances, prototype-based approaches in NLP remain underexplored, making our work a significant
step forward in this emerging field.

Unlike previous methods, our approach directly embeds interpretability at the sub-sentence level,
providing more granular insights than word- or sentence-level methods.

B DPGMM

To model each similarity distribution as a mixture of Gaussian components, we use a neural network
that takes a hidden representation h as input, which is derived from mk via a two-layer MLP:
h = MLP(mk). This hidden representation h is then used to generate the parameters of the Gaussian
mixture, including the mixture weights π, means µ, and standard deviations σ, allowing the model
to approximate the similarity distribution effectively.

Means (µ) and Standard Deviations (σ). The parameters of the Gaussian components are computed
as follows:

µ = sigmoid(Wµh+ bµ)× T, (1)

σ = exp(Wσh+ bσ), (2)

where µ and σ are the mean and standard deviation for each of the M Gaussian components.
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Mixture Weights (π). To dynamically determine the mixture weights, we employ the Stick-Breaking
Process [31], with the Dirichlet Process (DP) [39] implicitly implemented through the stick-breaking
formulation. The DP provides a nonparametric Bayesian approach that allows the model to determine
the appropriate number of components adaptively, which is crucial for handling data with unknown
complexity.

We define a maximum number of Gaussian components, G, which represents the potential number
of components for approximating the similarity distribution. The mixture weights πg for each
component g are generated as follows:

νg = sigmoid(Wπh+ bπ), (3)

πg = νg

g−1∏
ℓ=1

(1− νℓ), g = 1, . . . , G, (4)

Here, νg is computed by applying a sigmoid function to a linear transformation of the hidden
representation h. The Stick-Breaking Process ensures that the mixture weights πm sum to one and
adaptively determine the number of active components, enabling the model to capture complex and
potentially multi-modal distributions.

C Prototype Alignment

To ensure interpretable classifications, the learned prototypes must be semantically meaningful.
However, these prototypes are numerical embeddings that are not inherently interpretable by human
users. Therefore, we introduce a prototype alignment mechanism that maps each prototype to
real-world training text sentences throughout the learning process.

Representative Candidates. We begin by encoding all sentences in the training instances (an
instance can contain multiple sentences) into embeddings. In the embedding space, we apply the
k-means to cluster sentences. The top 50 sentences closest to each cluster center obtained from k-
means serve as representative examples of each cluster, making them suitable candidates for aligning
prototypes.

At one epoch during training, for each prototype with its current learned embedding pk, the top 3 most
similar candidate sentences (green circles) from the representative candidates are selected. These
candidates are averaged to form a representative embedding ck (purple cross), which encapsulates
the meaning from actual training data. The prototype is then updated towards ck (orange arrow),
resulting in an updated prototype p′

k (yellow star).

Specifically, pk is updated towards ck controlled by a weight factor ωk = sigmoid(γ · (dk − τ)),
where dk represents the Euclidean distance between pk and ck, τ is the movement threshold and
γ controls the smoothness of the transition. The updated prototype p′

k is derived as a weighted
combination: p′

k = ωk · (pk + τ ·uk)+ (1−ωk) · ck, where uk = ck−pk

dk+ϵ is the unit vector pointing
from pk to ck, with ϵ being a small value to prevent division by zero. If pk is far from ck (i.e.,
dk ≥ τ ), pk will move a distance of τ toward ck. Conversely, if dk ≤ τ , pk is directly aligned with
ck. This process ensures that the prototypes shift toward semantically meaningful regions without
abrupt changes.

D Learning Objectives

The learning objectives of the proposed model consist of three key components that contribute to
both prediction accuracy and the interpretability of the learned representations.

D.1 GMM Loss

To approximate complex similarity distributions between text samples and prototypes, we em-
ploy a Negative Log-Likelihood (NLL) loss for GMM jointly trained with the model: LNLL =

− log(
∑M

m=1 πm · N (s̃ | µm, σm)+ ϵ), where πm, µm, and σm are the mixture weights, means, and
standard deviations of the m-th Gaussian component, respectively, and ϵ is a small constant added for
numerical stability.
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The overall loss for the GMM is defined as: LGMM = E[LNLL] + LL1, where an L1 regularization
term is introduced to promote sparsity in the mixture weights: LL1 = λ

∑M
m=1 |πm|, where λ controls

the regularization strength. This sparsity encourages the model to focus on a few significant Gaussian
components. λ is set to 1e−3 for all experiments.

D.2 Diversity Loss

To encourage the model to learn high-quality and diverse prototypes, we introduce a Diversity Loss
based on cosine distance: Ldiv =

∑
i̸=j(1− cos(pi,pj)). Maximizing this diversity loss enhances

generalization and interpretability by maintaining a diverse set of prototypes.

D.3 Overall Objective

The final objective function for the proposed model is a weighted combination of the aforementioned
loss components: L = CrossEntropy(y, ŷ) + αLGMM − βLdiv, where y represents the true labels,
ŷ denotes the prediction, α and β are hyperparameters that control the balance between accuracy,
Gaussian mixture modeling, and prototype diversity. α and β is set to 1e−1 and 1e−3 for all
experiments, respectively.

E Datasets

The IMDB dataset contains 25,000 balanced training and test samples and follows a binary sentiment
classification format. The dataset was split into training (90%) and validation (10%) partitions. The
Yelp Reviews dataset consists of 580,000 samples, with training and test sets comprising 550,000 and
30,000 samples, respectively. Sentiments were binarized by treating 1–2 stars as negative and 3–4
stars as positive. The Amazon dataset was created by selecting 30,000 random reviews, with 24,000
samples allocated for training and validation and 6,000 for testing. The Hotel dataset includes 20,000
reviews evaluating 1,000 hotels, reduced to a balanced subset of 4,508 reviews (2,254 positive and
2,254 negative). The Steam Reviews dataset consists of 130,000 pre-processed reviews, balanced
between positive and negative sentiments. Reviews with fewer than 10 characters or containing less
than two sentences were excluded.

The DBPedia dataset is a multiclass dataset extracted from Wikipedia. For the experiments in this
paper, we use only 4 labels: “Person,” “Animal,” “Building,” and “Natural Place.” Similarly, the
Consumer Complaints dataset is a multiclass dataset. For the experiments, we use only 4 classes:
“Checking or Savings Account,” “Credit Card or Prepaid Card,” “Debt Collection,” and “Mortgage.”

In all experiments, pre-trained embeddings from the BERT-based language model [35] were employed
to convert raw text into sentence embeddings, enabling downstream analysis.

F Experimental Setup

Datasets. We evaluate ProtoLens on seven diverse text classification datasets spanning single-label,
multi-label, and domain-specific classification tasks: IMDB, Yelp, Amazon, Hotel, Steam, DBPedia,
and Consumer Complaint. Details are provided in Appendix E.

Reproducibility. The ProtoLens model was implemented using PyTorch. For training, the prototype
number K is selected from {10, 20, 40, 50, 100}. The learning rate is selected from {1e− 4, 1e−
5, 5e− 5}, with a decay of 10% every 10 epochs. We used the AdamW optimizer [20] with a batch
size of 16 for 25 epochs and the n-gram size is selected from {1, 3, 5, 7, 9}. The experiments were
conducted on an NVIDIA A100 80GB GPU. Code and data are available at https://github.com/
weibowen555/ProtoLens.

Baselines. We compare ProtoLens against a range of baselines, encompassing both interpretable and
non-interpretable models. The interpretable baselines include ProSeNet [23] and ProtoryNet [12],
both are SOTA prototype-based methods that provide insights into their predictions via learned
prototypical representations. Additionally, we include a zero-shot Llama-3-8b [40], MPNet [36] and
a Bag-of-Words model [44] using TF-IDF representations and Logistic Regression for interpretable
classification [13]. The prompt used for LLaMA-3 is provided in Appendix M.
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G Prototype Interpretation

To assess the interpretability of the ProtoLens model, we provide prototype-aligned interpretations
across multiple datasets. Each figure showcases the top-3 original text sentences from the training
set that are most aligned with each prototype. These examples illustrate how ProtoLens associates
prototypes with representative samples, making its decision-making process more interpretable and
transparent.

For the IMDB dataset, as shown in Figure 4, ProtoLens aligns prototypes with representative training
samples that reflect key aspects of movie reviews. Positive prototypes are associated with reviews
praising elements such as acting and overall quality, as seen in samples like “He does an excellent
job in this movie” and “I deeply enjoyed his performance.” Negative prototypes, on the other hand,
align with reviews critiquing aspects like plot and execution, exemplified by samples such as “This
movie was poorly acted, poorly filmed, poorly written” and “It’s talky, illogical, slow, and ultimately
boring.” These representative samples demonstrate ProtoLens’ ability to capture diverse perspectives
in sentiment analysis.

In the Yelp dataset, as shown in Figure 5, ProtoLens aligns prototypes with representative samples
that capture customer opinions on food, service, and ambiance. Positive prototypes are linked to text
such as “The service is impeccable” and “The food is great, good portions and quality,” reflecting
positive customer experiences. Conversely, negative prototypes correspond to samples highlighting
dissatisfaction, such as “The food was horrible” and “The place looked dirty and disorganized.”
These aligned samples illustrate how ProtoLens effectively represents common patterns in customer
feedback.

For the Hotel dataset, as shown in Figure 6, ProtoLens aligns prototypes with representative training
samples reflecting both positive and negative experiences. Positive prototypes align with samples
such as “Room was clean and good” and “The staff were friendly and helpful,” highlighting aspects
of comfort and service. Negative prototypes correspond to samples like “The room had no sound-
proofing” and “The carpet is disgusting and filthy,” emphasizing common complaints in hospitality
feedback. These representative samples demonstrate ProtoLens’ ability to capture recurring themes
in hotel reviews.

In the Steam dataset, as shown in Figure 7, ProtoLens identifies prototypes aligned with gaming
reviews that reflect both satisfaction and dissatisfaction. Positive prototypes are linked to reviews like
“This game is amazing” and “Runs smooth even on low settings,” which highlight positive gameplay
experiences. Negative prototypes, on the other hand, align with samples such as “The servers are
abandoned” and “This game sucks, do not buy it,” reflecting technical issues and user frustration.
These representative samples demonstrate ProtoLens’ ability to adapt to highly specific and technical
feedback in gaming.

For the Amazon dataset, as shown in Figure 8, ProtoLens aligns prototypes with representative
training samples focusing on product quality, usability, and service. Positive prototypes correspond
to samples such as “The decor is beautiful and the ambiance is great” and “I enjoyed this place
and will go back,” reflecting favorable customer feedback. Negative prototypes align with samples
like “The food was uninspired and lacked flavor” and “Horrible management and worse customer
service,” highlighting dissatisfaction. These examples demonstrate ProtoLens’ versatility in capturing
meaningful patterns in e-commerce reviews.

Overall, these results underscore ProtoLens’ ability to align prototypes with semantically meaningful
training samples, providing interpretable insights into the patterns learned during training. This
interpretability is key to understanding the model’s reasoning across diverse datasets.

H Classification Interpretation

ProtoLens explains its classification predictions by aligning input text with prototypes from the
training set and computing similarity scores to highlight the most relevant prototypes. Each prototype
contributes to the final prediction based on its similarity to the input text and its associated sentiment
weight. Below, we discuss how ProtoLens interprets both positive and negative classifications through
representative examples.
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Figure 4: Aligned interpretation of prototypes with corresponding text sentences on the IMDB dataset.
Each prototype is associated with specific spans of text and sentiment weights, providing insights
into the reasoning behind the model’s predictions.

H.1 Positive Sentiment Interpretation

Figure 10 demonstrates a positive sentiment classification. ProtoLens activates three prototypes
that correspond to semantically aligned samples from the training set. For instance, Prototype 10
highlights positive movie reviews with phrases like “In all it is a good movie to see,” capturing
strong alignment with the input’s positive tone. Similarly, Prototype 14 emphasizes “acting was
terrific,” contributing further evidence of a positive sentiment. The similarity scores and sentiment
weights of these prototypes are combined to determine the final classification as positive. This process
underscores how ProtoLens grounds its decisions in interpretable and meaningful text examples.

H.2 Negative Sentiment Interpretation

Figure 12 illustrates a negative sentiment classification. ProtoLens activates prototypes that align with
critical text samples from the training set. For example, Prototype 3 reflects dissatisfaction through
statements such as “It’s talky, illogical, slow, and ultimately very boring,” aligning with the input’s
description of the movie as “pretty bad.” Prototype 4 further reinforces the negative sentiment by
associating with phrases like “poorly acted, poorly filmed, poorly written.” These prototypes provide
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Figure 5: Aligned interpretation of prototypes with corresponding text sentences on the Yelp dataset.
The figure highlights the diverse prototypes and their representative candidates, emphasizing inter-
pretability in the sentiment analysis task.

interpretability by grounding the model’s negative classification in representative samples that closely
match the input text.

H.3 Interpretability

The examples in Figures 10 and 12 demonstrate ProtoLens’ ability to explain its predictions using
interpretable prototypes. By aligning input text with training set samples that serve as prototypes,
ProtoLens offers a transparent view of how classification decisions are made. The similarity scores
and sentiment weights ensure that each activated prototype meaningfully contributes to the overall
prediction, enhancing both interpretability and faithfulness of the model.

Overall, these results highlight ProtoLens’ capacity to provide human-understandable explanations
for sentiment classification tasks, bridging the gap between model interpretability and practical
applications.
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Figure 6: Aligned interpretation of prototypes with corresponding text sentences on the Hotel dataset.
The interpretations include both positive and negative sentiment examples, showcasing the model’s
ability to capture nuanced feedback.

Table 2: Performance of ProtoLens with different ablation settings on various datasets.

Dataset ProtoLens w/o Diversity w/o Alignment
IMDB 0.903 0.882 0.886
Amazon 0.937 0.926 0.927
Yelp 0.962 0.931 0.943
Hotel 0.963 0.947 0.953
Steam 0.931 0.917 0.923

I Ablation Study

To demonstrate the effectiveness of the Prototype Alignment and Diversity Constraint, we compare
ProtoLens trained with and without these components. Prototype Alignment ensures that prototypes
maintain their semantic faithfulness. The Diversity Constraint encourages prototypes to capture
distinct, non-redundant features, enhancing generalization and reducing redundancy in representation.
The results are shown in Table 2.

Impact of Diversity Constraints. The removal of diversity constraints (w/o Diversity) leads to
a noticeable accuracy decline across all tested datasets, notably on IMDB (from 0.903 to 0.882),
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Figure 7: Aligned interpretation of prototypes with corresponding text sentences on the Steam dataset.
The figure demonstrates how ProtoLens handles diverse feedback in gaming reviews, including issues
like performance and user experience.

Amazon (from 0.937 to 0.926), Yelp (from 0.962 to 0.931) and Hotel (from 0.963 to 0.947). This
indicates that the diversity loss plays a crucial role in encouraging distinct and varied prototype
representations, which helps the model generalize better across different data points. The drop in
accuracy suggests that when prototypes become more redundant, they lose their ability to represent
the diversity in the dataset, limiting the model’s interpretability and performance.

Impact of Prototype Alignment. The ablation results for removing prototype alignment (w/o
Alignment) show a decline in performance, particularly on the Yelp dataset (from 0.963 to 0.943),
highlighting the importance of prototype alignment. Aligning prototypes with representative em-
beddings ensures they remain semantically meaningful, leading to more accurate and interpretable
predictions. The slight performance drop across other datasets, such as IMDB and Amazon, further
emphasizes that the adaptive update process enabled by prototype alignment promotes more stable
and reliable learning, improving the model’s interpretability and accuracy.

J Hyperparameter

Effect of K. The number of prototypes, denoted by K, plays a crucial role in determining the balance
between model interpretability and classification performance. As shown in Figure 13, increasing
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Figure 8: Aligned interpretation of prototypes with corresponding text sentences on the Amazon
dataset. This figure illustrates ProtoLens’ interpretability across product reviews, focusing on features
such as quality, service, and usability.

K generally leads to improved accuracy across most datasets, with the exception of some slight
fluctuations. For instance, in the IMDB dataset, increasing K from 10 to 40 boosts the performance
from 0.884 to 0.903, while for the Yelp dataset, a similar increase elevates the accuracy from 0.931 to
0.950. The improvements plateau or slightly decrease for higher values of K, suggesting diminishing
returns beyond a certain point.

The optimal value of K appears to be dataset-dependent. For example, K = 50 yields the best
performance on the Amazon and Yelp datasets with 0.937 and 0.962, respectively, while K = 40
provides the best performance on the IMDB dataset (0.903). Meanwhile, for the Hotel dataset,
K = 20 achieves the highest accuracy at 0.963. This variation indicates that the ideal number of
prototypes may depend on the complexity and size of the dataset.

Overall, increasing K allows the model to capture more fine-grained patterns by using a larger set
of prototypes, but setting K too high may introduce unnecessary complexity without substantial
accuracy gains. Thus, choosing K involves a trade-off between maintaining a manageable number of
interpretable prototypes and achieving high predictive performance.

Effect of n-gram. An n-gram is a hyperparameter that determines the granularity of text division.
As shown in Figure 14, an n-gram size of 5 achieves the best performance across all datasets, with
notable improvements on IMDB (0.903), Amazon (0.937), and Hotel (0.963), indicating that n = 5
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Figure 9: Case study of a positive class text instance.ProtoLens identifies relevant prototypes (e.g.,
"highly entertaining flick") and aligns them with specific spans in the input text. Extracted spans, sim-
ilarity scores, and sentiment weights show how each prototype contributes to the positive prediction.

Figure 10: The figure showcases how ProtoLens aligns input text with prototypes to explain a positive
sentiment prediction. The extracted spans and similarities for the top-3 activated prototypes are
presented, along with sentiment weights contributing to the final prediction.

is the optimal n-gram size, providing the best trade-off between incorporating sufficient context and
avoiding unnecessary complexity. For smaller n-gram sizes (e.g., n = 1, 3), performance is slightly
lower, likely due to the model’s limited ability to capture broader contextual information. On the
other hand, a larger n-gram size (n = 7, 9) does not yield improved performance and even leads to a
decrease in accuracy on all datasets, as seen with IMDB and Amazon. This suggests that including
too large of a n-gram introduces noise, which results in slight performance degradation.

K Impact of Encoder

To further assess generalizability, we evaluate ProtoLens using alternative pre-trained encoders,
including T5 and bge-m3, while keeping all other settings fixed. Results in Table 3 confirm that
ProtoLens remains effective across architectures. Notably, the bge-m3 encoder yields the highest
accuracy on all three datasets, surpassing MPNet. ProtoLens with T5 performs comparably, with
only minor degradation, likely due to differences in embedding granularity. These results show that
ProtoLens is not tied to a specific encoder and can flexibly adapt to various pretrained language
models, reinforcing its scalability and broad applicability.
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Figure 11: Case study of a negative class text instance. ProtoLens identifies relevant prototypes (e.g.,
"there was no character development") and aligns them with specific spans in the input text. Extracted
spans, similarity scores, and sentiment weights show how each prototype contributes to the negative
prediction.

Figure 12: The figure shows how ProtoLens aligns input text with prototypes to explain a negative
sentiment prediction, supported by similarity scores and sentiment weights.

L Cross-Dataset Prototype Generalization

To assess the generalizability of ProtoLens prototypes across datasets, we conducted a cross-dataset
evaluation. Specifically, we tested the performance of ProtoLens on the Hotel dataset using prototypes
derived from the Yelp and Amazon datasets, which also represent customer review domains. Table 4
summarizes the results.

The results demonstrate that ProtoLens maintains strong performance even when using prototypes
derived from external datasets. While the accuracy slightly decreases compared to using prototypes
generated directly from the target dataset (Hotel), the drop in performance is modest: a 0.9% and
2.0% reduction in accuracy when using Yelp and Amazon prototypes, respectively. This suggests
that ProtoLens prototypes capture generalizable patterns that can extend across datasets with similar
domains.

These findings underscore the robustness of ProtoLens in leveraging prototypes across related datasets,
a desirable property for practical applications where annotated data for prototype derivation may be
limited. Furthermore, the ability to generalize across datasets indicates that ProtoLens can identify
domain-invariant concepts, making it a promising approach for transfer learning and cross-domain
interpretability in prototype-based models.
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Figure 13: Performance of ProtoLens in comparison with different number of prototypes. Perfor-
mance improves with more prototypes, peaking at an optimal K (e.g., 40 for IMDB), before stabilizing
or slightly decreasing.

Figure 14: Accuracy of ProtoLens across IMDB, Amazon, and Hotel datasets as n-gram size varies.
Larger n-grams improve contextual representation, but performance plateaus or slightly decreases
beyond n=5, indicating a tradeoff between context and generalizability.

M LLaMA-3 Prompt

We use the following zero-shot prompt for LLaMA-3-8B in all experiments:

Given a movie review, your job is to classify its sentiment
into binary class: positive or negative.
Review: {input_text}
Do not provide reasoning or explanation. Output should be one
word only: "Negative" or "Positive".
sentiment:
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Dataset MPNet T5 bge-m3
Hotel 0.963 0.955 0.968
Amazon 0.937 0.909 0.942
IMDB 0.903 0.897 0.924

Table 3: Performance of ProtoLens with different foundation models on three benchmark datasets.

Table 4: Cross-dataset evaluation results. ProtoLens performance on the Hotel dataset with prototypes
derived from different datasets.

Prototype Source Accuracy on Hotel Dataset
Hotel (Original) 0.963
Yelp 0.954
Amazon 0.943
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