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Abstract

Natural language data is inherently noisy, yet
standard interpretable models often rely on
scalar similarities that obscure the true eviden-
tiary basis of a prediction. This limitation is par-
ticularly detrimental to prototype-based classi-
fication, where traditional full-alignment mech-
anisms force non-informative background seg-
ments to match informative prototypes, yield-
ing unstable or misleading explanations. To
mitigate this, we present SCOUT, a novel
paradigm that grounds prototype reasoning
in the selective correspondence of discrimina-
tive fragments. Concretely, we represent each
document as a discrete distribution over span
embeddings and employ differentiable Unbal-
anced Optimal Transport (UOT) to align them
with class-specific prototypes. Unlike standard
methods, this mechanism enables the model
to focus strictly on decisive evidence while
leaving irrelevant noise unmatched via geomet-
ric mass suppression. To ensure verifiability,
we anchor prototype supports to readable train-
ing spans, establishing a transparent bridge be-
tween input segments and stored knowledge.
Comprehensive experiments on seven bench-
marks demonstrate that SCOUT yields proto-
types focused on semantically significant spans,
significantly outperforming traditional ratio-
nale extraction and post-hoc attribution meth-
ods in terms of faithfulness and stability.

1 Introduction

Text classification systems are increasingly de-
ployed in high-stakes environments such as medi-
cal triage and legal discovery (Rudin, 2019; Caru-
ana et al., 2015). These settings require a model
to offer verifiable accounts of its decision-making
process alongside high predictive accuracy (Doshi-
Velez and Kim, 2017; Miller, 2019). While post-
hoc explanation methods like LIME (Ribeiro et al.,

(b) Faithful Explanations via Selective Alignment. (Ours)

Figure 1: Alignment mechanisms for prototype-based
explanation. (a) Scalar similarity collapses span-level
structure, often forcing irrelevant text to match proto-
types and producing spurious evidence. (b) SCOUT
performs selective alignment via Unbalanced Optimal
Transport, matching only decisive spans while suppress-
ing background noise.

2016) and SHAP (Lundberg and Lee, 2017) are
widely used, they provide approximations of black-
box behaviors rather than explaining the actual in-
ternal mechanics of the model (Guidotti et al., 2018;
Rudin, 2019). This disconnect leads to faithfulness
issues where the generated explanation fails to re-
flect the true evidence relied upon by the classifier
(Lyu et al., 2024; Jacovi and Goldberg, 2020).

Prototype-based learning has emerged as a
promising direction for intrinsic interpretability to
bridge this gap. Instead of reasoning in an abstract
latent space, prototype networks classify an input
by comparing it to a set of learnable representa-
tive examples (Chen et al., 2019; Das et al., 2022).
However, a critical flaw remains in how these com-
parisons are performed. Most existing approaches
rely on scalar similarity measures like cosine sim-
ilarity to summarize the relationship between the
input document and the prototype. As illustrated in
Figure 1a, this scalar compression creates an infor-
mation bottleneck that indicates an input is similar
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to a prototype but obscures where and why they
align. Consequently, the burden of interpretation
shifts back to the user who must guess which parts
of the input text triggered the high similarity score.

We contend that true interpretability requires
explicit structured alignment rather than vague
scalar proximity. A faithful explanation should
demonstrate exactly which spans in the input cor-
respond to which evidence in the prototype. Op-
timal Transport offers a principled mathematical
framework for this purpose capable of finding the
minimum-cost movement of probability mass be-
tween two distributions (Peyré et al., 2019; Cuturi,
2013; Swanson et al., 2020a). By treating text as
a distribution of spans, Optimal Transport can pro-
duce a transport plan that explicitly maps input
fragments to prototype supports.

However, applying standard Optimal Transport
to text classification presents the unique challenge
of noise. Natural language documents contain per-
vasive background information irrelevant to the
classification task. Standard balanced Optimal
Transport enforces strict conservation of mass and
compels the model to align every part of the input to
some part of the prototype. This forced alignment
generates hallucinated connections where irrele-
vant input noise is matched to prototype features
simply to satisfy mathematical constraints.

In this paper, we propose SCOUT as a novel
framework that reimagines prototype-based clas-
sification through Unbalanced Optimal Transport
(Chizat et al., 2018; Arase et al., 2023). Unlike
standard methods, Unbalanced Optimal Transport
relaxes marginal constraints and allows the model
to leave irrelevant input spans unmatched. As
shown in Figure 1b, this mechanism transforms
the transport plan into a selective attention map
that concentrates mass strictly on decisive evidence
while filtering out background noise via geomet-
ric mass suppression. Furthermore, we enforce an
anchoring constraint that projects learnable proto-
type supports onto readable spans from the training
corpus to ensure verifiability. The result is a fully
transparent decision process where the model pre-
dicts a class if and only if it can establish a strong
transport coupling between specific input spans and
validated prototype evidence.

Our contributions are summarized as follows:

* We propose a fine-grained alignment
paradigm that replaces black-box scalar
similarities with structured Optimal Transport

couplings, making the evidence matching
process explicit and verifiable.

* We introduce a noise-robust matching mecha-
nism via Unbalanced Optimal Transport. By
enabling partial matching, this strategy pre-
vents the forced alignment of irrelevant text
and significantly improves explanation faith-
fulness.

* Experiments on seven benchmarks demon-
strate that SCOUT achieves competitive per-
formance while generating compact and sta-
ble explanations, significantly outperforming
state-of-the-art interpretable baselines.

2 Related Work

2.1 The Limits of Post-hoc Attribution

Explainability in NLP divides broadly into post-hoc
and intrinsic approaches. Post-hoc methods like
LIME, SHAP, and Integrated Gradients attempt to
approximate the behavior of a black-box model
by assigning importance scores to input tokens
(Ribeiro et al., 2016; Lundberg and Lee, 2017; Sun-
dararajan et al., 2017). Despite their wide applica-
bility, these methods face severe criticism regarding
faithfulness which refers to the degree to which an
explanation accurately reflects the decision-making
process of the model (Jacovi and Goldberg, 2020;
Lyu et al., 2024). Empirical studies show that at-
tention weights and gradient maps can be unsta-
ble under perturbations and often fail to serve as
valid causal explanations (Jain and Wallace, 2019;
Wiegreffe and Pinter, 2019; Chuang et al., 2026).
Furthermore, these attribution scores provide only
a heatmap of importance but do not reveal the rea-
soning logic. Recent work further argues that trust-
worthy deployment demands principled reasoning
and controlled abstention rather than opaque con-
fidence (Sun et al., 2025; Chen et al., 2025). This
limitation motivates the shift toward models that
are intrinsically interpretable by design.

2.2 Prototype-Based Reasoning

Intrinsic interpretability aims to build transparency
directly into the model architecture. Rationaliza-
tion models select a subset of input text or rationale
to pass to a predictor but do not necessarily explain
the semantic matching process (Lei et al., 2016;
Bastings et al., 2019; Chen et al., 2018). Prototype
learning offers a transparent decision rule where in-
puts are classified based on their similarity to learn-
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able representative examples. Pioneered by Pro-
toPNet in computer vision (Chen et al., 2019; Jia
et al., 2025), this paradigm has since been extended
along geometric and causal directions, including
Stiefel-manifold grounding that resists neural col-
lapse (Jia et al., 2026a) and unsupervised causal
prototypical networks for de-biased interpretable
diagnosis (Jia et al., 2026b). The paradigm has
been adapted to NLP by models like ProtoTEx (Das
et al., 2022), ProtoryNet (Hong et al., 2023), and
recently ProtoSiTex for multi-label classification
(Nareti et al., 2025). Most recently, ProtoLens ad-
vanced this field by conducting comparisons at the
span level to capture fine-grained semantics (Wei
and Zhu, 2025). This fine-grained alignment phi-
losophy echoes parallel progress in compositional
and cross-modal learning, where concept refine-
ment (Zhang et al., 2025), primitive decoupling
(Zhang et al.), and dual-branch hybrid discrimina-
tion (Jiang et al., 2025) yield more faithful matches
than holistic similarity. However, these approaches
typically rely on scalar similarity measures aggre-
gated via Softmax. We identify a critical gap where
standard soft-attention enforces mass conservation
and compels the model to assign non-zero weights
even to irrelevant noise. This issue necessitates a
geometric alignment approach that ensures stability
under input perturbations (Sourati et al., 2024).

2.3 Optimal Transport for Semantic Matching

Optimal Transport provides a principled framework
for comparing distributions (Peyré et al., 2019; Lee
et al., 2022; Zhang et al., 2024). In NLP, Word
Mover’s Distance applied Optimal Transport for
document similarity (Kusner et al., 2015; Swanson
et al., 2020b). Recent works have explored Opti-
mal Transport for scalability (Xie et al., 2019) and
structure learning in time-series prototypes (Huang
et al., 2025; Snelgar et al., 2025). Closely related to
our domain, Gurumoorthy et al. (2021) proposed a
framework using Optimal Transport to select proto-
types from a candidate set. Unlike their work which
uses Optimal Transport as a selection algorithm dur-
ing training, SCOUT employs Unbalanced Optimal
Transport as the inference mechanism for every pre-
diction. Furthermore, Wu et al. (2023) introduced
MProto for distantly supervised NER utilizing Op-
timal Transport for denoising (Zheng et al., 2023).
Our work differs in execution as we propose a span-
based Unbalanced Optimal Transport layer explic-
itly for interpretable document classification that
leverages mass suppression to filter background

noise dynamically (Chizat et al., 2018).

3 Method

As shown in Figure 2, SCOUT represents a doc-
ument as weighted spans and applies Unbalanced
Optimal Transport to selectively align them with
class prototypes, producing a sparse coupling used
for both prediction and interpretable evidence.

3.1 Document Representation via Spans

To enable fine-grained alignment, we first decom-
pose the input document z into interpretable units
rather than a holistic vector. Let E denote a neural
encoder such as BERT that maps z to contextual
token embeddings H = {hq,...,h,}. We enu-
merate candidate spans S = {(l;,r;)}}, using
sliding windows and pool them into span embed-
dings s; € R,

Crucially, we represent the document as a dis-
crete probability measure i, defined as:

M M
Lo = Zaiési, s.t.Zai =1,a;,>20 (1)
i=1 i=1

where J,, represents the Dirac function at embed-
ding s;. The weights a; signify the structural im-
portance of each span predicted by a lightweight
scoring head ¢g(-) followed by a Softmax. This for-
mulation creates a mass distribution of evidence
that sets the stage for transport-based matching.

Span candidate generation. To obtain inter-
pretable units while avoiding dependency on exter-
nal parsers, we generate span candidates using a de-
terministic word-level sliding window. We first to-
kenize the input into wordpieces and recover word
boundaries by grouping consecutive wordpieces be-
longing to the same surface word. Let the resulting
word sequence be {wy, . .., wy,,, } where each word
w¢ maps to a contiguous wordpiece index range
[Dt, q¢] in the encoder output H = {hq,..., h,}.
We enumerate all contiguous word spans (I, ) with
length ¢ = r — [+ 1 € [Lyin, Limax] and stride 1
given by:

S= {(Z,T) | Lin < (T -1+ 1) < Lmax} (2)

where 1 < [ < r < ny. Each span (I,r)
corresponds to the wordpiece range [p;, ¢, and
is embedded by mean pooling where s,y =
Pool(hp,, ..., hg,). This procedure yields M =
> ZL;“E‘M (ny — £+ 1) span candidates. In practice,
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(a) Selective Coupling
This often maligned movie is a must for fans of Prototype  Similarity Aligned Explanation
Blake Edwards, Julie Andrews, Henry Mancini, or 1 0.02 This is a shoddy poorly made film with awful
Hollywood musicals. ’ special effects &rock bottom production values.
The score is one of Henry Mancini's best, several N o i
2 0.63 ... wonderful songs are sung and sung
songs are sung to perfection by Andrews, and there : beautifully.
are some funny Inspector Clouseau-type sight gags to K 0.25 ... clever humor carried through by the

boot.

many sight gags, puns, and one-liners.

(b) Prototype Grounding

Figure 2: SCOUT inference with selective coupling. (a) Stage 1 scores document spans, Stage 2 applies unbalanced
OT to suppress noise, and Stage 3 yields a sparse coupling matrix and class evidence score; (b) visualizes prototype-

grounded explanations via aligned spans.

we apply a lightweight scoring head and keep the
top-N spans to control UOT complexity, where the
retained weights are renormalized to form g,

3.2 Anchored Prototype Distributions

For each class ¢ € {1, ..., C} we maintain a set of
learnable prototypes P. = {Vc,k}é(:y Consistent
with the input representation each prototype con-
stitutes a discrete measure comprising M, support
points defined as:

MP
Vc,k‘ = Z bc,k,j(sucyk,j (3)
J=1

where u.y ; € R? represent the support embed-
dings and b, ; are uniform weights.

Readable Anchoring. To ensure that prototypes
represent realistic semantic concepts rather than
abstract artifacts, we enforce a strict anchoring
constraint. Unlike previous works utilizing soft
regularization, we perform a hard projection of
prototype supports onto the training data manifold.
Specifically, at the end of every training epoch,
each support embedding .y ; is replaced by its

nearest neighbor spanned from the training set of
class c as:

Uej < arg min [Juck j — 5|2 4)
5€Skan

During the subsequent training phase, these an-
chors remain fixed and act as constant targets until
the next projection step. This stop-gradient strategy
prevents the projection operation from disrupting
the optimization trajectory to ensure stability while
guaranteeing human-readable verifiability.

3.3 Unbalanced Optimal Transport
Alignment

To quantify evidence for class ¢ we compute the
unbalanced transport cost between the document
distribution p,, and each prototype distribution v .
We use cosine distance to form the cost matrix
C € RM*My where Cjj = 1 — cos(s;, Uepj)-
LetT € RfXMp denote the transport plan with
row marginals r = 71 and column marginals
c=TT"1.

Unbalanced entropic OT objective. Stan-
dard balanced Optimal Transport enforces exact
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marginal constraints which forces every input span
including irrelevant noise to align with some proto-
type support. To enable selective matching SCOUT
adopts KL-penalized Unbalanced Optimal Trans-
port with entropic regularization (Chizat et al.,
2018; Arase et al., 2023) formulated as:

min (T,C) + EZTZ-j(logTij - 1)

i?j
+ pKL(T1|a) + p2 KL(T 1), (5)

where we use the generalized KL divergence de-
fined as KL(pllq) = > ,(ptlog(pe/at) — pe + a)-
Here p; and ps control the cost of violating the
marginals. Intuitively, if matching a span incurs a
high cost relative to p, the optimizer prefers mass
suppression where r; < a; rather than forcing a
noisy match.

Scaling form and generalized Sinkhorn updates.
Define the Gibbs kernel K = exp(—C/¢). Taking
the derivative of Eq. (5) yields the standard diago-
nal scaling form 7™ = diag(u) K diag(v) and the
corresponding fixed-point updates:

U (i)n S—
Kv/) pL+¢e’
b T2 (6)
U T = P2 .
KTu p2te

Log-domain implementation. Directly forming
K can underflow when ratios are large so we
implement the iterations in the log-domain. Let
log K = —C/e, f = logu and g = logv. The
updates become:

f+ Tl(log(a +6) — LSE;(log K;; + gj)>,

g+ 72(log(b + 6) — LSE;(log Ky + f;)).
(N
where ¢ is a small constant. Finally we recover the
coupling via logT = f17 +logK + 1g'. We
stabilize iterations by re-centering f and g which
leaves log T unchanged.

3.4 Prototype-Driven Inference

For each class ¢ and prototype index k& we compute
a UOT coupling matrix 77", and the corresponding
scalar transport cost dc,kkx) using the objective
in Eq. (§) evaluated at the coupling returned by
Algorithm 1.

Algorithm 1 Log-domain generalized Sinkhorn for
Unbalanced OT

Require: Cost matrix C' € RM*M»; weights a €
RM, b e RJ\JF/IP; e > 0; p1, po > 0; iterations
L; floor 6.
Ensure: Coupling T' € RfXMP .
1: log K + —C/e
1 < p1/(p1+¢€); T2 < p2/(p2+e)
f<0n; g0y > f=logu, g=logv
for { =1to L do
logKv; < LSE; (log K;j + gj), Vi
[« 11 (log(a + &) — logKv)
logKTu; < LSE;(log K;; + fi), Vj
g <+ 712(log(b+ &) — logKTu)
c<mean(f); f« f—c g+ g+c
end for
clogT « f17 +logK +1g"
: return T' < exp(log T")

N AT AN

e
N = O

Differentiable aggregation. A hard minimum
operation routes gradients through only a single
prototype which can cause training instability. We
therefore use a differentiable soft-min aggregation
during training defined as:

1 K
D(x,c) = - log Z exp ( - *ydc,k(x)), 8)
k=1

where v > 0 controls sharpness. This induces pro-
totype responsibility weights 7 () that represent
the soft assignment of the input to prototypes of
class c.

Class prediction. We convert distances into class
probabilities with a distance-based Softmax given
by:

exp (— BD(x,c))
> €XP ( — BD(m,c’)) ’

where 5 > 0 is a temperature parameter.

ply=clx)= )

3.5 Training Objective
We train SCOUT end-to-end with the composite

objective:

L = Lcg + MLcist + A2Lsep + A3LReg-  (10)

The classification loss Lcg uses standard cross-
entropy on the probabilities in Eq. (9). For proto-
type clustering and separation we encourage each
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Sentiment Topic Fine-grained

Model

IMDB Amazon Yelp Hotel Steam DBPedia Consumer
Black-box Classifiers (Upper Bound)

BERT 0.94010.002 0.951+0.003 0.969+0.002 0.977+0.001 0.955+0.002 0.997+0.002 0.936+0.002
RoBERTa 0.944i0,001 0.959i0,002 0.975i0,002 0.985:{:0,003 0.960:{:0,001 0.998i0,002 0.941:{:0,002
DeBERTa 0.951+0.002 0.95640.001 0.977+0.002 0.982+0.002 0.9631+0.002 0.998+0.002 0.948+0.001

Intrinsically Interpretable Models
RNP 0.915+0.002 0.93710.003 0.960+0.001 0.961+0.003 0.929+0.004 0.990+0.002 0.927+0.003
HardKuma 0.923i0A002 0.943i0A001 0.963io_002 0.968i0,001 0.938io4003 0.990i0A001 0.932i0,002
L2X 0919+0.002 0.939+0.001 0.965+0.003 0.966+0.002 0.93610.001 0.99310.002 0.926+0.003
ProtoTEx 0.911i0,002 0.923i0,002 0.961:&0,001 0.962:{:0_003 0.927:{:0,002 0.994i0,003 0.938:{:0,001
ProtoryNet 0.913i0A002 0.915i0A004 0.964io_001 0.964i0,003 0.921i04002 0.992i()‘002 0.926i0,002
ProtoLens 0~905i0.001 0.936i0,003 0.961i0,003 0.965i0,002 0.928i0‘002 0.998:{:0_002 0-947i0.001
WMD kNN 0.888+0.002 0.904+10.001 0.94510.002 0.93640.001 0.90410.002 0.990+0.002 0.906+0.001
SCOUT (Ours) 0.92610.002 0.948:0.003 0.969.0003 0.97010002 0.941 0004 099810001 0.950-0 003

Table 1: Main predictive performance comparison. Best results are highlighted as first, second and third .

input to be close to prototypes of its own class and
far from other classes via:

EClst = D(l’, y*)a
) e3Y)

Lsep = max(O, m — min D(z, ¢)
cFy*

where m > 0 is a margin.

Evidence regularization. SCOUT explanations
are read out from the transported mass over input
spans. For a coupling matrix 7" let m = T™1 de-
note the transported mass. We regularize contiguity
in token space to avoid ambiguity caused by over-
lapping spans. Define a span-to-token projection
matrix P such that the induced token importance
is w = Pm. We regularize explanations to be
concise and contiguous via:

n—1

Lreg = [|m[l1 +n Z | w1 — wyl,
t=1

(12)

where n > 0 controls the strength of contiguity.
This penalty encourages piecewise-constant token
saliency which yields coherent phrases rather than
scattered evidence.

4 Experiments

4.1 Experimental Setup

Datasets. To evaluate SCOUT across diverse se-
mantic granularities, we conduct experiments on
seven standard benchmarks covering three distinct
task categories: (1) Sentiment Analysis: IMDB,
Yelp, Amazon, Hotel, and Steam; (2) Topic Clas-
sification: DBPedia; and (3) Fine-grained Clas-
sification: Consumer Complaints. Details are pro-
vided in Appendix B.

Baselines. We compare SCOUT against a com-
prehensive suite of interpretable methods: (1) Post-
hoc Attribution: Integrated Gradients (IG) (Sun-
dararajan et al., 2017); (2) Rationale Extraction:
RNP, HardKuma, and 12X (Lei et al., 2016; Bast-
ings et al., 2019; Chen et al., 2018); (3) Prototype
Learning: ProtoTEX, ProtoryNet, and ProtoLens
(Das et al., 2022; Hong et al., 2023; Wei and Zhu,
2025). Standard BERT, RoBERTa, and DeBERTa
serve as black-box performance upper bounds.

Evaluation Metrics. We strictly adhere to the
ERASER protocol (DeYoung et al., 2020) to as-
sess interpretability. We report Faithfulness (Dele-
tion/Insertion AUC, Comprehensiveness) to mea-
sure causal validity, Stability (IOU) to assess ro-
bustness against perturbations, and Sparsity to
quantify explanation conciseness. Further formal
definitions and detailed calculation protocols of
these metrics can be found in Appendix F.

4.2 Predictive Performance Comparison

A persistent challenge in interpretable NLP is
the trade-off between transparency and predictive
power. Table 1 reports the classification perfor-
mance across all seven datasets. We observe two
key trends:

Closing the Gap with Black-boxes. Standard
black-box models such as BERT and RoBERTa
serve as the performance upper bound. Remark-
ably, SCOUT with Unbalanced OT retains nearly
98% of the predictive capability of its backbone
encoders. For instance, on the IMDB and Yelp
datasets, the accuracy gap between our model and
the full-input RoBERTa is less than 0.5%. This
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Input Review

This film is beautifully photographed
with an excellent soundtrack.

Interpreted Review

Scene that has one of the best car

Scene that has one of the best car

chases ever done....... The actors do a

decent job too with Seth Green being el o
my favorite of the group. The other

thing T loved was the excellent score by 2
John Powell......

Actual Label: This is one of the best movies.

One of my favorite films.

chases ever done....... The actors do a
decent job too with Seth Green being
- my favorite of the group. The other
. thing I loved was the excellent score by
o John Powell......

Predicted Label:
(')

s i f —

Figure 3: Prototype-grounded case study on IMDB. SCOUT predicts the class by selectively aligning a few decisive
spans in the input review to anchored prototype snippets from the training set, while leaving irrelevant background
unmatched. The interpreted review is read out from transported span mass.

Model Faithfulness Metrics Explanation Budget (Sparsity) Stability

Del AUC, Ins AUCYT Compt Tokens] Spans] Contigt Avg 10U
Post-hoc Attribution
Integrated Gradients 0.40 + 0.04 0.59 £0.06 0.42 +0.03 31.8 £2.7 10.7+0.8 0.41 +0.03 0.42 £0.04
Intrinsic Interpretability

RNP 0.34 +£0.01 0.65+0.02 0.55+0.02 189+0.6 64+03 0.63+0.02 0.55=+0.02

HardKuma 0.32 +£0.01 0.67 +0.03 0.58+0.02 16.7+0.7 59402 0.66=+0.02 0.57 + 0.03

L2X 0.354+0.01 0.64+0.03 0.524+0.02 194+08 68+02 0.61+0.03 0.56=+ 0.02

ProtoTEx 0.36 £0.02 0.62+0.03 048 £0.02 228+0.8 7.5+03 0.55=+0.02 0.51+0.03

ProtoryNet 0.354+0.01 0.63+0.02 0.50+0.02 21.9+1.0 7.14+03 0.57£0.03 0.54 +0.02

ProtoLens 0.35+0.01 0.64 +0.03 0.53+0.02 21.3+£0.7 6.8+02 0.60+0.02 0.53+0.02

SCOUT (Ours) 0.29 +0.01 0.71 +0.01 0.64 +0.01 143 +0.3 4.6 +0.1 0.72+0.02 0.63 + 0.01

Table 2: Comprehensive evaluation of explanation quality averaged across all datasets. Best results are highlighted

as first, second and third .

indicates that the extracted rationales are not only
sparse but semantically sufficient, capturing the de-
cisive information required for prediction without
relying on spurious correlations found in the full
text.

Superiority over Interpretable Baselines. Com-
pared to existing intrinsic interpretable methods,
the SCOUT framework demonstrates highly stable
and significant performance advantages. Specifi-
cally, across multiple evaluations, it outperforms
baselines relying on traditional hard-selection, such
as HardKuma and L2X, by a substantial average
margin of 2% to 3%. We attribute this leap in
performance primarily to the unique geometric na-
ture of the Optimal Transport framework. Tradi-
tional hard masking strategies often rely on rigid
binary discard mechanisms; when attempting to
filter out irrelevant information, this approach can

easily cause irreversible damage, discarding useful
contextual associations that are crucial for text com-
prehension. In contrast, SCOUT introduces an in-
novative mass destruction mechanism. This mecha-
nism dynamically and effectively suppresses redun-
dant background noise while fully preserving the
underlying structural integrity and semantic conti-
nuity of the critical evidence, thereby maximizing
predictive accuracy without sacrificing model trans-
parency.

4.3 Qualitative Analysis

Figure 3 visualizes SCOUT’s end-to-end explana-
tion on an IMDB review. The model first assigns
mass to candidate spans and then computes a se-
lective document—prototype coupling using unbal-
anced optimal transport, which allows irrelevant
background spans to remain unmatched. The in-
terpreted review (right) is obtained by projecting
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transported span mass to token saliency and se-
lecting a compact rationale under a fixed coverage
budget, resulting in a small set of decisive phrases.
Importantly, the supporting evidence is verifiable:
the activated prototypes are anchored to readable
training spans, and the explanation explicitly links
input phrases to these prototype snippets, provid-
ing a transparent bridge between the prediction and
stored class evidence.

Figure 4 visualizes SCOUT’s prototype space
for one IMDB review by projecting both the in-
put instance and prototypes into 2D. Positive and
negative prototypes form two separated regions,
and only a small subset of prototypes is activated
for the given input, indicated by filled nodes and
weighted edges from the input point. The acti-
vated prototypes correspond to sentiment-bearing
evidence (e.g., “the animation quality is excellent”
and “the animation and art direction is lovely”),
while prototypes from the opposite class remain
inactive. This localized, class-consistent activation
pattern illustrates how SCOUT produces sparse
and verifiable explanations: the prediction is sup-
ported by explicit alignments to a few anchored
prototype snippets rather than diffuse similarity to
many prototypes.

4.4 Evaluation of Explanation Quality

Table 2 presents a comprehensive evaluation of
explanation quality across three key dimensions:
faithfulness, sparsity, and stability. We observe
that SCOUT with Unbalanced OT consistently
achieves the best performance among all intrin-
sic interpretable methods, as highlighted by the red
background in the table.

Faithfulness: Finding the True Cause. SCOUT
establishes a new state-of-the-art in causal validity
by achieving a lowest Deletion AUC of 0.29 and
a highest Insertion AUC of 0.71. These figures
significantly outperform the strong baseline Hard-
Kuma which records 0.32 and 0.67 respectively.
This result indicates that the spans transported by
our optimal transport plan are indeed the decisive
factors driving the prediction. In contrast, post-hoc
attribution methods like Integrated Gradients ex-
hibit much poorer fidelity with a Deletion AUC of
0.40, confirming that gradient-based saliency maps
often fail to capture the true decision boundary of
the model.

Sparsity: Doing More with Less. A key advan-
tage of our mass destruction mechanism is effi-

I just want to make a note
of the quality in animating
this film. Characters move
with fluidity. Each scene
background comes to life
and tells its own story.

3 The animation quality Pos
. Pproto
is excellent 10
Pos.
o
s proto
9

Figure 4: Prototype projection on IMDB. The input ac-
tivates a small set of positive prototypes, while negative
prototypes remain inactive; callouts show aligned evi-
dence snippets.

ciency. As shown in the middle columns of Table
2, SCOUT generates the most concise explanations
and utilizes an average of only 4.6 spans or approxi-
mately 14.3 tokens per document. This represents a
substantial reduction compared to ProtoTEx which
requires 7.5 spans and Integrated Gradients which
uses 10.7 spans. Despite using nearly 50% fewer to-
kens than IG, SCOUT achieves superior predictive
accuracy as discussed in Section 4.2, demonstrating
a high signal-to-noise ratio in evidence extraction.

Stability: Robustness to Perturbation. Reliable
explanations should not fluctuate wildly with mi-
nor input changes. SCOUT demonstrates superior
stability with an Average IOU of 0.63, surpassing
the previous best score of 0.55 achieved by RNP
and 0.57 by HardKuma. This empirical evidence
suggests that our geometric alignment approach
provides a more robust convergence landscape than
reinforcement learning or heuristic masking strate-
gies utilized by baseline methods.

4.5 Failure Case Analysis

While SCOUT generally produces faithful and
sparse explanations, it is instructive to examine
cases where the model fails, as these reveal the
transparency of its decision process. We present
a representative misclassification from the Yelp
dataset. The review describes a "dive bar" using
attributes typically associated with negative senti-
ment (such as "greasy food" and "grungy people"),
yet these descriptors denote genuine praise within
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Interpreted Review
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Another perfect dive bar in Polish Hill... .

Domain-Specific Domain Context
(Dive Bar subculture)

| Negative attributes like ‘greasy’ , ‘grungy’,
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Another perfect dive bar in Polish Hill...
This is the definition of a blue collar,

slightly punky divebar. The food is

greasy, the people are grungy, and beer

is mostly the cheap stuff... Front and o

greasy, the people are grungy, and beer
2 is mostly the cheap stuff... Front and

6
X

¢ A
back room that's dark, (really) smokey... . 3 > & back room that's dark, (really) smokey...
I stop by! every couple of weeks... and 1 < o ° I stop by! every couple of weeks... and 1
recommend to... T 7% O recommend to...
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* Failed Feature Interaction: The model identified descriptors but mi: them due to a lack of dive bar culural knowiedge. *

* Prototype Conflict: Negative sentiment prototypes were eroncously favored, causing the incorrect negative prediction, despite positive overall tone.

Figure 5: Failure case analysis of sentiment misclassification due to missing subcultural context. The model
erroneously predicts a negative label for a positive review by applying domain-agnostic context. Subculture-specific
descriptors like "greasy" and "grungy" are incorrectly mapped to negative sentiment prototypes.

the subculture of that specific venue. SCOUT erro-
neously assigns a negative label to this review.

Mechanistically, the unbalanced optimal trans-
port layer performs as designed: it filters out non-
discriminative background text and isolates the
aforementioned spans, coupling them with high
confidence to negative-class prototypes. The re-
sulting transport plan and prototype alignments
are fully inspectable. As shown in Figure 5, the
activated prototypes correspond to spans like "over-
priced and greasy" and "staff was rude", which are
semantically similar to the extracted evidence but
fail to capture the subcultural re-appropriation of
these terms.

This failure mode underscores a key strength of
intrinsic interpretability: when the model errs, it
fails transparently. The explicit span-to-prototype
coupling immediately pinpoints the source of the er-
ror (a mismatch between the training distribution’s
sentiment convention and the contextual usage in
this specific review) rather than obscuring it in an
opaque latent space. Such visibility is crucial for
debugging and trust in high-stakes applications.

4.6 Ablation Study

Table 3 summarizes the contribution of each com-
ponent. Our results empirically confirm that the
proposed Regularization strategy (Eq. 15) is the pri-
mary driver for explanation conciseness, as remov-
ing it causes the rationale length to double. Mean-
while, the Unbalanced Optimal Transport mech-
anism is essential for filtering noise; replacing it
with balanced OT degrades both predictive accu-
racy and faithfulness. For a comprehensive analysis

Performance Metrics

Model Variant

AcctT Del AUC| Tokens |
Token-level OT 94.7 0.34 21.5
w/o Unbalanced OT 94.5 0.33 19.8
w/o Regularization 95.1 0.30 28.4
w/o Anchor 94.8 0.31 15.2
SCOUT (Full) 95.3 0.29 14.3

Table 3: Ablation study of SCOUT components. Best
results are highlighted as first , second and third .

of granularity choices and component interactions,
please refer to Appendix G.

5 Conclusion

In this work, we presented SCOUT, a novel frame-
work that effectively resolves the tension between
predictive accuracy and interpretability in NLP
models. Unlike conventional methods that rely
on heuristic hard selection or unstable reinforce-
ment learning, we formulate rationale extraction as
a span-based Unbalanced Optimal Transport prob-
lem. This perspective allows the model to geometri-
cally align input evidence with learnable prototypes
while strictly filtering out irrelevant noise through
a principled mass destruction mechanism. In fu-
ture work, we plan to extend this geometric align-
ment paradigm to the era of Large Language Mod-
els. Specifically, we aim to explore how optimal
transport can quantify the faithfulness of Retrieval-
Augmented Generation (RAG) and visualize the se-
mantic drift in Chain-of-Thought reasoning, paving
the way for trustworthy Al systems that are both
powerful and accountable.
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Limitations

Despite establishing a new standard for inter-
pretable text classification, SCOUT entails specific
trade-offs. The primary limitation lies in compu-
tational overhead. Replacing scalar dot-products
with Sinkhorn iterations introduces a per-document
inference complexity of O(CK - LM M,,), where
L is the number of Sinkhorn iterations and M is
the number of spans. Our vectorized GPU imple-
mentation ensures efficient training on standard
benchmarks; however, the cost scales linearly with
the number of classes C' and prototypes K. This
makes the current version less suitable for extreme
multi-label classification settings with thousands of
labels without further approximation (e.g., coarse
prototype pre-screening). Additionally, our span
generation strategy relies on a fixed sliding win-
dow. Although effective, employing a dynamic or
syntax-aware span proposal network could poten-
tially further improve evidence boundary precision.
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A Additional Method Details

A.1 Rationale readout from the UOT coupling

Given an optimal coupling T* € RTXMP between
document spans {s;}}£, and a prototype support
M,
set {u;};), we compute the transported mass on
each input span as:
m = T*1y, € RY. (13)
Since spans overlap in token space, we convert

span-level mass to token-level saliency by a span-
to-token projection matrix P € R"*M:

w = Pm,
1 . .
j . Tspan(@)[? if token ¢t € span(z), (14)
7 0, otherwise.

where [span(z)| is the number of tokens covered
by span . This definition accumulates evidence
from all selected spans while avoiding a systematic
bias toward longer spans.

Discrete rationale selection. We normalize to-
ken saliency by w = w/(> ", wt + €,) with a
small €,,. To obtain a binary rationale set, we sort
tokens by w and select the smallest set R such that
ZteR w¢ > K (coverage ratio). Unless otherwise
stated, we use x = 0.9 in all experiments. Finally,
we merge consecutive selected tokens into contigu-
ous segments for visualization and for ERASER-
style evaluation.

Contiguity post-processing. To avoid isolated
single-token fragments, we optionally remove seg-
ments shorter than £,,;, by merging them with the
nearest neighboring segment (ties broken by higher
w), or by expanding each segment by one token
on both sides if it does not exceed the document
boundary.

A.2  Which UOT distance is used for
classification

In Eq. (5), the entropically-regularized KL-
penalized UOT objective is:
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J(T)=(T.C) + ey T;(logTy; —1)
ij
+ m KL(T1||a) + p2 KL(TT1|b) (15)

We define the prototype-to-document distance
as:

de(z) = T(T2k), (16)

where 17 is returned by Algorithm 1. For nu-
merical stability, we implement all iterations in
the log-domain as described in Eq. (7). In prac-
tice, terms that are constant across (z, ¢, k) can be
dropped without affecting the soft-min aggregation
in Eq. (8).

A.3 Span prefiltering and differentiability

We enumerate all candidate spans under the win-
dow bounds (Lin, Lmax) and compute a scalar
score for each span using the lightweight head g(-).
We then keep the top-/N spans (by score) to con-
trol UOT complexity and renormalize the retained
scores via Softmax to obtain the document weights
a in Eq. (1). This top-N selection is implemented
by a deterministic topk operator: gradients flow to
the retained spans only, while all subsequent com-
putations (including the log-Sinkhorn UOT layer
and the classifier) remain fully differentiable.

A.4 Prototype anchoring implementation
details

For each class ¢, we maintain a class-specific span
bank St(rciin constructed by running the encoder
over the training split and extracting span embed-
dings using the same span generator as in Sec-
tion 3.1. At the end of every epoch, each prototype
support u. , j is projected to its nearest neighbor in
St(f;in as in Eq. (4). This projection is performed
with stop-gradient: anchors are treated as constants
during the next epoch to avoid disrupting optimiza-

tion.

Efficient nearest-neighbor search. When t(fgin

is large, we recommend approximate nearest-
neighbor search over /5 distance (or cosine distance
if embeddings are /o-normalized). We rebuild the
index once per epoch.

B Datasets

We evaluate on seven benchmarks spanning sen-
timent, topic, and fine-grained complaint classi-
fication. For sentiment analysis, we use IMDB

(25,000 train / 25,000 test, balanced), Yelp Re-
views (550,000 train / 30,000 test; ratings are bi-
narized with 1-2 stars as negative and 3—4 stars as
positive), Amazon Reviews (a 30,000-review sub-
set with 24,000 for training/validation and 6,000
for testing), Hotel Reviews (a balanced subset of
4,508 reviews), and Steam Reviews (130,000 pre-
processed reviews balanced between positive and
negative; very short reviews are filtered). For topic
classification, we use DBPedial4 but construct a
commonly used 4-way subset with labels Person,
Animal, Building, and Natural Place to keep seman-
tics clear and comparable. For fine-grained classifi-
cation, we use Consumer Complaints (CFPB com-
plaints) and similarly build a 4-way subset with
labels Checking or Savings Account, Credit Card
or Prepaid Card, Debt Collection, and Mortgage.
Unless an official development set is provided, we
hold out 10% of the training split as validation to
tune hyperparameters and perform early stopping.

C Implementation Details

Table 4 lists the specific parameters for span gener-
ation, prototype configuration, and Optimal Trans-
port optimization.

Parameter | Value
Span Generation
Span Length Bounds (Lmin, Lmaz) 1,5
Top-N Spans Kept 50
Prototype Architecture
Prototypes per Class (K) 10
Support Points per Prototype (M) 5
Unbalanced Optimal Transport
Entropic Regularization (¢) 0.1
Marginal Penalties (p1, p2) 1,1
Sinkhorn Iterations (L) 20
Soft-min Temperature () 1.0
Training
Optimizer AdamW
Learning Rate 2e -5
Batch Size 32
Epochs 20
Early Stopping Patience 3 epochs
Class Softmax Temp (3) 1.0
Regularization Weights (A1, A2, Az) | 0.1,0.1,0.05
Contiguity Strength () 0.5

Table 4: Hyperparameters used for SCOUT.

D Additional Sensitivity Analysis
D.1 Sensitivity to Mass Destruction
Parameter

In the main text, we hypothesized that the mass
destruction mechanism enabled by Unbalanced Op-
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Figure 6: Sensitivity analysis of the mass destruction parameter 7 across all seven datasets.

timal Transport (UOT) is crucial for filtering noise.
Here, we provide a comprehensive empirical verifi-
cation of this claim.

Experimental Setup. We analyze the impact of
the unbalanced relaxation factor 7 = p/(p + €).
This parameter controls the strictness of alignment:
7 — 1 implies Balanced OT (forced alignment),
while lower values allow for selective coupling. We
swept 7 from 0.5 to 1.0 across all seven datasets.
To ensure statistical reliability, each configuration
was executed with 3 independent random seeds.

Results. Figure 6 illustrates the mean perfor-
mance and standard deviation (shaded bands) for
both Predictive Accuracy (Blue) and Explanation
Faithfulness (Deletion AUC, Red). The results
reveal a consistent "sweet spot" around 7 ~ 0.9
across diverse tasks. Crucially, enforcing strict
mass conservation (7 = 1.0) consistently degrades
performance, particularly on noisy datasets like
Consumer Complaints and IMDB. This statistically
confirms that SCOUT’s ability to leave irrelevant
spans unmatched is a structural necessity for faith-
ful interpretation, rather than a mere hyperparame-
ter choice.

~
~

D.2 Robustness to Heuristic Hyperparameters

SCOUT incorporates several heuristic choices in
span generation and prototype configuration: the
number of retained spans N, the maximum span
length Ly, ., the coverage threshold x for rationale
discretization, the number of prototypes per class
K, and the number of support points per prototype
M,,. To verify that our findings are not sensitive to
these settings, we perform a systematic sweep on

the Yelp and DBPedial4 datasets. For each param-
eter, we measure classification accuracy, deletion
AUC (faithfulness), and the number of tokens in
the extracted rationale.

Table 5 reports the minimum, mean, and maxi-
mum values across each sweep range. The results
demonstrate strong robustness in both predictive
performance and explanation faithfulness: accu-
racy varies by at most 0.3% absolute on Yelp and
0.2% on DBPedial4, while deletion AUC fluctu-
ates by less than 0.02 across all configurations. Ra-
tionale length exhibits a predictable and control-
lable trend: expanding the candidate evidence pool
(via larger N or Ly,,x) yields marginally longer
rationales, whereas adjusting « offers direct con-
trol over sparsity without affecting model behavior.
The number of prototypes K and support points
M, have negligible impact on all metrics, indicat-
ing that SCOUT’s geometric alignment via unbal-
anced optimal transport drives performance rather
than brittle dependence on these heuristic settings.

E Comprehensive Analysis per Dataset

While Table 2 presents aggregated results, it is cru-
cial to verify that the model’s performance is con-
sistent across diverse domains and not driven by
outliers.

Figure 7 provides a granular breakdown of all
seven interpretability metrics for each individual
dataset. We employ a dual-axis visualization to
accommodate different metric scales:

* Left Axis (Bars): Displays score-based met-
rics normalized to [0, 1], including Faithful-
ness ( , , Comp 1), Quality (Contig
1), and Stability ( ).
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Figure 7: Detailed performance breakdown for each dataset.

Dataset Parameter Sweep Acc (%) 1 Del AUC | #Tokens |
N € {20, 30, 50,70,100} 96.7/96.9/97.1 0.27/0.28/0.29 9.8/13.2/18.7
Lax € {3,5,7,9} 96.8/96.9/97.0 0.27/0.28/0.29 10.4/13.2/15.8

Yelp x € {0.80,0.85,0.90,0.95} 96.8/96.9/97.0 0.27/0.28/0.29 11.1/13.2/15.0
K € {5,10,20,40} 96.7/96.9/97.0 0.27/0.28/0.29 12.8/13.2/13.6
M, € {3,5,7,9} 96.8/96.9/97.0 0.27/0.28/0.29 13.0/13.2/13.4
N € {20, 30, 50,70,100} 99.6/99.8/99.9 0.20/0.21/0.22 79/10.4/13.2
Lax € {3,5,7,9} 99.7/99.8/99.8 0.20/0.21/0.22 8.5/104/11.9

DBPedial4 « € {0.80,0.85,0.90,0.95} 99.7/99.8/99.9 0.20/0.21/0.22 9.2/10.4/11.3

K € {5,10,20,40}

M, € {3,5,7,9}

99.7/99.8/99.8
99.7/99.8/99.9

0.20/0.21/70.22
0.20/0.21/0.22

10.1/10.4/10.7
10.3/10.4/10.6

Table 5: Robustness of SCOUT to heuristic hyperparameters on Yelp and DBPedial4. Values are reported as min /

mean / max across each Sweep range.

 Right Axis (Lines): Displays sparsity metrics
in absolute counts (Tokens, Spans ).

Analysis. As shown in the figure, SCOUT con-
sistently demonstrates the best efficiency across all
tasks. For instance, on the difficult Consumer Com-
plaints dataset (bottom right), SCOUT achieves a
Deletion AUC comparable to baselines but uses
significantly fewer tokens (lowest black line point),
indicating a superior signal-to-noise ratio in extract-
ing decisive evidence.

F Evaluation Metrics Protocols

This section provides implementation-level details
for all interpretability metrics used in Section 4.1.
We follow ERASER for contrast-based faithfulness
(Comprehensiveness) and adopt perturbation-curve
evaluations (Deletion/Insertion AUC) commonly
used in attribution benchmarks. For stability, we

evaluate robustness under synonym substitutions.

F.1 Token-Level Explanation Scores and
Discretization

Many baselines output either (i) a discrete binary
rationale mask, or (ii) continuous token scores. To
ensure reproducibility and fair comparison, we con-
vert all explanations to a unified token-score vec-
tor and apply the same discretization rule when a
discrete rationale is required (e.g., for Comprehen-
siveness, Sparsity, Contiguity, and Stability).

Token score vector. Given an input with n to-
kens, each method produces a non-negative token
score vector s € RZY,: (i) for discrete rationale
methods, we set s; € {0,1}; (ii) for continuous
attribution, we take s; <— max(0, s;). For SCOUT,
we first obtain span masses m = 7! and project
them to tokens as w = Pm (Eq. 12), then set
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5 w.
Mass-normalized ranking. We normalize
scores into a probability simplex:
~ St
St=om L L a7
Zuzl Sy T+ €s

where €, is a small constant to avoid division by
zero. Tokens are ranked by descending s;.

Discrete rationale via cumulative-mass cover-
age. For metrics that require a discrete rationale,
we select the smallest token set 2, whose cumu-
lative normalized mass exceeds a fixed coverage
threshold a:

Ra:min{Rg{l,...,n}

D 5> a} ,
teR

(18)
where we set o = 0.9 in all experiments. We then

merge consecutive selected tokens into contiguous
segments to obtain span rationales.

F.2 Faithfulness Metrics

Let f;(x) denote the predicted probability of class
j for input z, where j is the model’s predicted class
on the original input.

Comprehensiveness. Following ERASER, we
define comprehensiveness using a contrast example
x \ R, constructed by masking tokens in R,:

Comp(z) = fj(x) = fj(z\ Ra).

Higher is better, indicating that the extracted ratio-
nale is causally influential.

19)

Deletion AUC. Deletion measures how quickly
the confidence drops as important tokens are re-
moved. We iteratively mask tokens in descend-
ing order of s;. Let ) be the input after
masking the top-k fraction of tokens, with k &
{0,0.05,0.10,...,1.00}. The deletion curve is
d(k) = f;(x®)) and we compute its area under
the curve (trapezoidal rule) over k € [0, 1]:

1
DelAUC(z) = / Ak k. (0)
0

Lower is better.

Insertion AUC. Insertion measures how quickly
confidence recovers when important tokens are
inserted. We start from a fully-masked baseline
Tmask and iteratively restore tokens in descend-
ing order. Let (%) denote the partially restored

input at fraction k, and the insertion curve is
i(k) = f;(2*)). We compute:

1
IsAUC(z) = / ikdk. @1
0

Higher is better.

Masking operator. We use the backbone
model’s mask token (e.g., [MASK] or <mask>) to
replace removed tokens, which keeps the sequence
length fixed and avoids confounding effects from
changing positional encodings.
F.3 Sparsity and Contiguity

Using the discrete rationale R,:
* Tokens: |R,|.

* Spans: the number of contiguous segments
after merging adjacent selected tokens.

We define a normalized contiguity score:

max (0, #Spans(z) — 1)
© max(1, |Ra| - 1)

Contig(z) =1 € [0,1],

(22)
where 1 indicates a single contiguous span and
smaller values indicate more fragmented rationales.

F.4 Stability via Synonym Substitution

To measure stability, we create a perturbed input 2/
by randomly replacing 10% of eligible tokens (con-
tent words; excluding stopwords, punctuation, and
special tokens) with synonyms from WordNet, pre-
ferring substitutions with the same part-of-speech
when available. We extract R, (z) and R, (z’) and
compute token-level Jaccard similarity:

_ [Ra(x) N Ra(2)]
|Ro(z) U Ry ()]

I0U(z, 2") (23)

We report Avg IOU by averaging over the test set
and, when applicable, multiple random perturba-
tions per example.

G Ablation Analysis

While Table 3 provides a macroscopic view of com-
ponent contributions, the radar charts in Figure 8
reveal how different data distributions expose spe-
cific vulnerabilities in the baseline variants.
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Figure 8: Multi-dimensional Ablation Analysis across Datasets.

Sensitivity to Sequence Length. On datasets
with longer average sequence lengths, such as Con-
sumer, the tension between predictiveness and con-
ciseness is most acute. As shown in the bottom-
right plot of Figure 8, the w/o Regularization vari-
ant (orange dashed line) exhibits a catastrophic
collapse along the Conciseness axis. This visual-
izes the phenomenon where, without the sparsity
constraint provided by Eq. 13, the model defaults
to retaining nearly 2x the necessary tokens (see
Table 3) to maximize accuracy, effectively failing
as an interpretable model.

Sensitivity to Noise. Conversely, on the Steam
dataset, which is characterized by high user noise
and informal language, the primary challenge is
causal alignment. The w/o Unbalanced OT variant
(blue dashed line) shows a distinct retraction along
the Faithfulness axis. This confirms that standard
balanced transport forces the alignment of noisy
spans, introducing spurious correlations that de-
grade the faithfulness of the rationale.

The "Easy' Dataset. In contrast, on the struc-
turally simpler DBPedia dataset, the performance
polygons of all variants are tightly clustered. This
indicates that for simple topic classification tasks,
the margin for error is small, and even base-
line mechanisms can perform adequately. How-
ever, SCOUT still maintains a slight edge on the
outer perimeter, demonstrating that its sophisti-
cated alignment mechanism does not introduce
overhead on simple tasks.

H Prototype Examples

To complement the quantitative human evaluation
in Section 6, we present a set of representative pro-
totype spans extracted by SCOUT from the Yelp
training corpus. These spans serve as the class-
specific evidence against which input reviews are
compared via unbalanced optimal transport. Note
that, unlike brittle keyword matching, each proto-
type captures a coherent, semantically complete
phrase (e.g., "the trout was basically cold" rather
than just "cold" or "food").

These examples illustrate SCOUT’s ability to
anchor on readable, interpretable evidence that cap-
tures the nuanced sentiment of the training data. Im-
portantly, the unbalanced optimal transport mech-
anism ensures that during inference, only input
spans that exhibit a meaningful semantic correspon-
dence to such prototypes are assigned non-zero
transport mass.

I Efficiency and Complexity

This section details the computational and mem-
ory costs of SCOUT, and summarizes practical
implementation choices that make Unbalanced OT
feasible for long documents.

I.1 Span Enumeration and Prefiltering

Let n,, be the number of words after recovering
word boundaries from subwords. We enumerate
all contiguous spans with length ¢ € [Lyin, Lmax],
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Negative Prototypes (Class 0)

Positive Prototypes (Class 1)

“the trout was basically cold.”

“the staff is full of attitude”

“unnecessary 1 hour wait for our food”

“their prices were a bit high for the size of the
portions, and their wings were rather small.”
“What do you want me to do about it?”

“the restaurant is dark romantic and the decor is
amazing.”

“The steak was cooked perfectly”

“huge portions and great price.”

“an incredibly sweet, efficient, and talented bar-
tender”

“Overall, I would definitely recommend Pino’s for
a nice, romantic date night out in Point Breeze.”

Table 6: Example prototype spans from the Yelp dataset.

yielding

Lmax

My = Z (nw — 0+ 1).
ZZLmin

(24)

Span embedding extraction is linear in the num-
ber of pooled token vectors, and the scoring head
computes a scalar per span with cost O(Myd).
To control the downstream OT cost, we keep
the top-N spans by score and renormalize their
weights to form the document measure ... This
reduces the OT size from My to M = N (default
N = 50), making the UOT layer cost predictable
and largely independent of raw document length.

I.2 UOT Layer Time Complexity

For a document distribution with M support points
and a prototype distribution with M), support
points, each generalized Sinkhorn iteration (Al-
gorithm 1) requires two log-sum-exp reductions
over an M x M), matrix, giving per-iteration cost
O(M M,). With L iterations, the cost per (docu-
ment, prototype) pair is:
O(LMM,). (25)
At inference, we compute distances to K proto-
types for each class among C' classes, thus the total
UQOT cost per document is:
O(CK LM M,). (26)
Using default hyperparameters (M =50, M,=5,
L=20, K=10), this cost is modest in absolute
floating-point operations, but can introduce over-
head if implemented with Python loops. We there-
fore implement Sinkhorn iterations in a fully vec-
torized manner (batching over C'K) on GPU.

1.3 Memory Complexity

The coupling matrix T € RM*Mr requires

O(M M,) memory per prototype. In practice, we
do not need to materialize all couplings for all
prototypes simultaneously: we compute the log-
coupling and immediately reduce it to span masses
m = T1 and the objective value d.(x). This
yields peak memory:

O(B-R-MM,), 27)
where B is batch size and R is the number of proto-
type pairs evaluated in parallel (e.g., R = CK for
full parallelism, or a smaller chunk size for memory
savings).

1.4 Practical Acceleration Strategies

We adopt several implementation choices to reduce
latency without affecting the definition of SCOUT.

Prototype pre-screening. When C or K is large,
we can pre-select a small set of candidate pro-
totypes using a cheap scalar heuristic (e.g., co-
sine similarity between a pooled document em-
bedding and prototype centroids), then run UOT
only for the top-R candidates. This reduces C K in
O(CK LMM,)to R < CK.

Vectorized Sinkhorn on GPU. We batch the cost
matrices across prototypes and classes into a tensor
C € RICK)XMxMp anq run log-domain updates in
parallel. This removes Python overhead and makes
runtime dominated by efficient GPU kernels.

Mixed precision. All encoder computations are
run in mixed precision when available. For the
UOT layer, we keep log-domain accumulations
in FP32 for numerical stability, while allowing
FP16/FP32 inputs.
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Anchoring cost. The prototype anchoring step
projects each support point onto a class-specific
span bank once per epoch. If the bank is
large, approximate nearest-neighbor search (e.g.,
IVF/HNSW) reduces projection time substantially.
Since anchoring is performed outside the for-
ward/backward passes, it does not affect per-step
training throughput.

L5 End-to-End Training Cost

The total training time is dominated by: (i)
the transformer encoder forward/backward pass,
(i1) span scoring and top-N selection, and (iii)
computing UOT distances used by the classifica-
tion and clustering/separation losses. With fixed
(M, My, K, L), the UOT cost scales linearly with
batch size and can be reliably bounded. In our im-
plementation, we compute all prototype distances
needed for the soft-min aggregation in Eq. (8) in a
single batched call for efficiency.
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