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Abstract

Concept Bottleneck Models (CBMs) predict
through human-interpretable concepts, but they
typically output point concept probabilities
that conflate epistemic uncertainty (reducible
model underspecification) with aleatoric un-
certainty (irreducible input ambiguity). This
makes concept-level uncertainty hard to inter-
pret and, more importantly, hard to act upon.
We introduce CREDENCE (Credal Ensemble
Concept Estimation), a CBM framework that
decomposes concept uncertainty by construc-
tion. CREDENCE represents each concept
as a credal prediction (a probability interval),
derives epistemic uncertainty from disagree-
ment across diverse concept heads, and esti-
mates aleatoric uncertainty via a dedicated am-
biguity output trained to match annotator dis-
agreement when available. The resulting sig-
nals support prescriptive decisions: automate
low-uncertainty cases, prioritize data collection
for high-epistemic cases, route high-aleatoric
cases to human review, and abstain when both
are high. Across several tasks, we show that
epistemic uncertainty is positively associated
with prediction errors, whereas aleatoric uncer-
tainty closely tracks annotator disagreement,
providing guidance beyond error correlation.
Our implementation is available at the fol-
lowing link: https://github.com/Tankiit/
Credal_Sets/tree/ensemble-credal-cbm

1 Introduction

In high-stakes settings, such as healthcare, legal
analysis, and financial advising, NLP systems are
increasingly used to support consequential deci-
sions. In these contexts, it is not enough to output a
prediction; practitioners must also assess when the
system is reliable and, crucially, why it may be un-
reliable. A key distinction lies between epistemic
uncertainty (what the model has not yet learned but
could learn with additional evidence) and aleatoric
uncertainty (irreducible ambiguity or noise in the

input) (Kendall and Gal, 2017; Shaker and Hiiller-
meier, 2020). Existing models face challenges
when dealing with uncertainty (Hiillermeier et al.,
2022; Shaker and Hiillermeier, 2020), as they gen-
erate a single confidence score that merges various
types of uncertainty, leading to a uniform approach
for managing all uncertain predictions. Consider a
restaurant review classifier that processes the sen-
tence: “The waiter was efficient, I suppose.” A
model might assign a 60% probability that the senti-
ment about service is positive. However, this single
number conflates two qualitatively different situa-
tions. The model might be uncertain because it has
seen few hedged expressions such as “I suppose”
during training (epistemic uncertainty). Alterna-
tively, the text may genuinely express ambivalence,
so that competent annotators could disagree even
with unlimited training data (aleatoric uncertainty).
The distinction is actionable: high epistemic uncer-
tainty suggests targeted data collection or modeling
changes, while high aleatoric uncertainty suggests
human review, user-facing ambiguity communica-
tion, or abstention.

Making uncertainty actionable often requires ex-
posing what the model is uncertain about, not only
how much uncertainty it has. For many NLP deci-
sions, practitioners reason in terms of interpretable
attributes—e.g., whether a review expresses praise
for service, whether a sentence contains hedging,
or whether a post includes insults. This suggests
targeting uncertainty at the level of such intermedi-
ate attributes. Concept Bottleneck Models (CBMs)
(Koh et al., 2020) provide a natural framework
for this setting because they explicitly use a set
of human-interpretable concepts before producing
the final label. However, standard CBMs typically
represent each concept as a point probability, which
collapses epistemic and aleatoric effects at the con-
cept layer. As a result, concept-level uncertainty be-
comes difficult to interpret and, more importantly,
difficult to act upon: it may indicate which predic-
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tions are risky, but not what response is appropriate.

Different uncertainty types should trigger differ-
ent interventions: high epistemic uncertainty calls
for collecting additional evidence or improving the
model; high aleatoric uncertainty calls for human
oversight or qualified outputs; and high—high cases
motivate abstention or escalation. This issue is par-
ticularly pronounced in NLP: tasks involving senti-
ment, toxicity, and emotion are fundamentally sub-
jective, i.e. “ground truth” reflects a composite of
disputed human judgments. As a result, distinguish-
ing between epistemic and aleatoric uncertainty is
not just a theoretical refinement but a practical re-
quirement for any triage system deployed in pro-
duction. Without decomposition, uncertain cases
are treated uniformly, conflating fixable model lim-
itations with irreducible ambiguity. To address
this, we introduce CREDENCE (Credal Ensem-
ble Concept Estimation), a CBM framework that
decomposes concept-level uncertainty by construc-
tion. The key insight is structural separation: epis-
temic and aleatoric signals must come from differ-
ent sources to prevent them from collapsing. Con-
cretely, we compute epistemic uncertainty from
disagreement across ensemble heads and aleatoric
uncertainty from a dedicated head trained within
each example on annotator disagreement.

Our contributions are: (i) a credal CBM formula-
tion that represents concept predictions as probabil-
ity intervals and supports decisions (trust, abstain,
escalate to human); (ii) a structurally separated de-
composition of concept uncertainty into epistemic
(ensemble disagreement) and aleatoric (predicted
ambiguity) components derived from different pa-
rameters and avoiding collapse; and (iii) empirical
evaluation across several NLP tasks, showing that
epistemic uncertainty aligns with prediction errors,
whereas aleatoric uncertainty tracks annotator dis-
agreement, yielding actionable guidance beyond
error correlation.

2 Related Works

Interpretability in NLP spans a spectrum from local
explanations tied to a specific input (e.g., token- or
span-level rationales) to global explanations that
describe model behavior as higher-level seman-
tic concepts. Our research lies at the intersection
of concept-based interpretability and uncertainty
quantification: we seek to make uncertainty at the
concept level not only something that can be mea-
sured but also something that can guide decisions.

Concept Bottleneck Models. CBMs (Koh
et al., 2020) route predictions through human-
interpretable concepts, enabling inspection and in-
tervention. NLP adaptations include Text Bottle-
neck Models (Ludan et al., 2024), which discover
concepts via LLMs, CLARITY (Bailleux et al.,
2025) connecting concepts to rationales, and CB-
LLMs (Sun et al., 2025), which align neuron ac-
tivations with concept scores. Probabilistic exten-
sions (Kim et al., 2023; Collins et al., 2023) intro-
duce stochastic embeddings and study intervention
under uncertainty. However, existing CBMs rep-
resent concepts as point probabilities, conflating
epistemic and aleatoric uncertainty.

Rationales and Local Explanations. Rationale
extraction (Lei et al., 2016; Bastings et al., 2019),
attention-based explanations (Wiegreffe and Pinter,
2019; Jain and Wallace, 2019), and feature attribu-
tion (Ribeiro et al., 2016; Lundberg and Lee, 2017;
Sundararajan et al., 2017) highlight tokens but do
not distinguish why a model is uncertain - the same
diffuse rationale may reflect model underspecifica-
tion (epistemic) or linguistic ambiguity (aleatoric).

Uncertainty Estimation Dominant approaches
include MC Dropout (Gal and Ghahramani, 2016),
deep ensembles (Lakshminarayanan et al., 2017),
and evidential methods (Sensoy et al., 2018). Un-
certainty quantification has been applied to transla-
tion, QA, and classification (Xiao and Wang, 2019;
He et al., 2020), with recent work on LLM cali-
bration (Kadavath et al., 2022; Kuhn et al., 2023).
The epistemic-aleatoric distinction, studied in vi-
sion (Kendall and Gal, 2017; Depeweg et al., 2018),
has received relatively less attention in NLP. Re-
cent work by Xiao and Wang (2019) decomposes
uncertainty but relies exclusively on ensemble dis-
agreement, while Baan et al. (2023); Ulmer (2024);
Fisch et al. (2022) provide surveys of uncertainty
sources in language generation. A central limita-
tion of these approaches is that they focus on model
outputs rather than on intermediate concept repre-
sentations, and therefore do not provide concept-
level guidance on how to respond to each distinct
type of uncertainty. We address this gap by oper-
ating at the concept level within an interpretable
pipeline, thereby enabling both principled uncer-
tainty decomposition and targeted, concept-specific
interventions.

Imprecise Probabilities and Credal Sets.
Credal sets represent uncertainty about prob-
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abilities rather than committing to a single
estimate (Walley, 1991; Levi, 1980). (Shaker
and Hiillermeier, 2020) provide a comprehensive
treatment of aleatoric and epistemic uncertainty.
Credal sets have been applied to classification with
reject option (Corani and Zaffalon, 2008; Zaffalon
et al., 2012) and set-valued prediction (Mortier
et al., 2022). Sale et al. (2023) recently studied
set-valued predictions for reliable uncertainty
quantification. We leverage this framework to
obtain concept-level uncertainty signals that better
separate epistemic and aleatoric effects.

Positioning Prior CBM work focuses on concept-
mediated interpretability and interventions, but typ-
ically represents concepts as point probabilities
and does not separate epistemic and aleatoric un-
certainty at the concept layer. Uncertainty quan-
tification in NLP studies error-aware confidence
and calibration, but rarely yields concept-level pre-
scriptions about whether to collect data, route to
humans, or abstain. We connect these lines by
introducing a credal, ensemble-based CBM that
structurally separates epistemic disagreement from
annotator-derived ambiguity, and we evaluate it
in terms of prescriptive routing rather than error
correlation alone.

3 Methodology

We introduce CREDENCE, a concept bottleneck
model that makes concept-level uncertainty ex-
plicit and actionable. The method is built around
two ideas: (i) represent each concept prediction
as a probability interval rather than a single num-
ber, and (ii) decompose uncertainty into epistemic
and aleatoric uncertainty from structurally different
sources so they do not collapse into each other.

Background. A CBM predicts through an inter-
mediate concept layer (Koh et al., 2020):

LU N APSELN (1)

where z is the input text, h € R? is the en-
coded representation from a pre-trained encoder,
c = [c1,...,ck] € [0,1]X are K concept prob-
abilities (e.g “service quality is positive”, “food
quality is positive”), and  is the prediction. Each
concept layer typically outputs point estimates
pr = P(cy = 1 | ). In such a model, a sin-
gle pi(z) conflates epistemic uncertainty (is the
model confused) and aleatoric uncertainty (input
ambiguity).

From Point Estimates to Credal Sets. Instead
of committing to a single py(x), we predict an
interval

which defines a credal set in imprecise probabil-
ity theory (Walley, 1991). A credal set represents
a range of probabilities instead of a single value.
Rather than stating “the probability is 0.7,” we say
“it falls between 0.6 and 0.8.” The span of this in-
terval reflects our uncertainty, while its midpoint
reflects our best estimate.

Problem Statement. Given an input text = and
label space ), our goal is to produce: (i) concept-
level credal predictions {[p, (), Pr()]HE 5 (i) a
decomposition of concept uncertainty into an epis-
temic signal (model confusion) and an aleatoric
signal (text ambiguity); and (iii) a prediction gy (or
a set of plausible labels) via decision rules. A com-
plete notation reference appears in Appendix A.

3.1 CREDENCE Architecture

CREDENCE follows a four-stage pipeline: (i) en-
code the input, (ii) produce multiple concept pre-
dictions using diverse lightweight heads, (iii) aggre-
gate these predictions into concept intervals, and
(iv) propagate intervals through the classifier. An
overview is shown in Figure 1:
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Stage 1:Encoder. A frozen pre-trained model
produces the representation h = fe,c(x). We eval-
uate with encoder-only models and decoder-only
LLMs. Refer to Sec 4 for details on the encoders
used. The encoder is not fine-tuned; only the con-
cept heads are trained.

Stage 2: Ensemble of Concept Heads Instead
of a single concept predictor g, we use H diverse
heads {g1,...,gmn}. Each head independently pre-
dicts all K concepts:

B =o(g(h)) fork=1,....K @

where o is the sigmoid function. The heads are
implemented as LoRA adapters (Hu et al., 2021)
- trainable matrices added to the frozen encoder,
enabling H diverse predictors without retraining
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Figure 1: CREDENCE architecture. Epistemic uncertainty emerges from ensemble disagreement (top branch);
aleatoric uncertainty is predicted by a dedicated head supervised by annotator variance (bottom branch).

millions of parameters. Each head uses a different
LoRA rank ry, € {4,8,16,32,64}: low-rank heads
capture broad patterns, while high-rank heads cap-
ture finer details. This variation under a fixed
backbone ensures that heads see the same input
but reach different predictions on the same input,
which will be used to quantify epistemic uncer-
tainty. Implementation details are in Appendix B.1.

Stage 3: Credal Aggregation. We form credal
intervals by taking the minimum and maximum
across heads:

_ N
Ck = [p,.. Dk] = [mhlnpé)

(k
, max w6
This min/max construction yields conservative
bounds; a narrow interval means heads agree (low
epistemic uncertainty); a wide interval means heads
disagree (high epistemic uncertainty).

Stage 4: Classification. A linear classifier maps
mean concept predictions to labels:

H
N _ _ 1 (K
7 = arg mja,x fas(p); where pj = T hzlpé )
(6)

For AAcc evaluation, we use the mean prediction
p. For uncertainty-aware decisions, we propagate
credal bounds through the classifier (see §3.1).

Uncertainty Decomposition We compute two
concept-level signals:

(Epistemic)

Ue(p]?) = Vary [p;k)]

Y

ale

(Aleatoric)
where a(gk)is a learned prediction of inherent am-
biguity trained to predict annotator disagreement
when it is available. The key point is that these
signals derive from different parameters: epistemic
uncertainty measures variation across heads, while

aleatoric uncertainty is predicted within each head.
Because they have different sources, they cannot
collapse into a single score. This architectural guar-
anty extends the epistemic/aleatoric framework of
Shaker and Hiillermeier (2020) to the concept level
and instantiates the set-valued prediction approach
of Sale et al. (2023) within a CBM pipeline. We
validate that epistemic tracks prediction errors and
aleatoric tracks annotator disagreement (§4.1).

Credal Classification and Decision Rules
Given credal bounds [p, , py,| for each concept, we
compute exact logit bounds via interval arithmetic:

G= Wap,+ Y. Wabe+b (D)

k:ij>0 k:ij<0
Zj = Z ijﬁk + Z ijgk + bj (8)
k:ij>0 kZij<0

These bounds are tight (proof in Appendix C).
We use mean predictions p for classification and
uncertainty signals for routing decisions (§4).
Credal bounds also support principled decision cri-
teria from imprecise probability theory (e.g., I'-
Maximin, Maximality); see Appendix E.

Training and Inference. We train the ensemble
heads, aleatoric head, and classifier jointly while
keeping the encoder frozen. The loss combines
three terms: £ = Liask +AcLconcept +AaLale, Where
Lyask 1s cross-entropy on mean predictions, Leoncept
supervises concept predictions across all heads, and
Le trains the aleatoric head to predict annotator
disagreement when available. At test time, we
compute predictions from all H heads, aggregate
into credal bounds, and derive uncertainty signals;
no annotator labels are used. Full training and
inference procedures are described in Algorithms 1—
2 (Appendix D).
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Table 1: Dataset statistics. CEBaB provides explicit concept annotations and “unknown” labels essential for aleatoric

validation.
Dataset Task |C| |K| Train Ann. Src
CEBaB Sentiment 3 4 9.8K v Human
SST-2 Sentiment 2 20 67K - LLM
GoEmotions  Emotion 28 28 43K v Human
HateXplain  Toxicity 3 2 15K v Human

4 Experiments

We evaluate CREDENCE through three research
questions. RQ1 (Decomposition Validity): Does
epistemic uncertainty Ugfi) = Vary, [pgk)] correlate
with prediction errors? RQ2 (Ambiguity detec-
tion): Does aleatoric uncertainty Ua(llz) = o(gk) cor-
relate with annotator disagreement? RQ3 (Action-
ability): Does knowing uncertainty type enable
more effective concept interventions? RQ1-RQ2
validate that our decomposition captures distinct
phenomena (model ignorance vs. data ambiguity);
RQ3 shows this distinction enables more effective

concept interventions.

Datasets. We evaluate three senti-
ment/emotion/toxicity datasets that include
multi-annotator labels, enabling direct validation
of aleatoric uncertainty against ground-truth
annotator disagreement (Table 1). We additionally
include SST-2, for which we obtain LLM-
generated annotations to broaden the analysis and
support ablations.

For intervention experiments, we focus our anal-
ysis on CEBaB (Abraham et al., 2022) for three
reasons (1) explicit concept annotations (food, ser-
vice, ambiance, noise) enabling oracle interven-
tions; (ii) causal structure where concepts mediate
the review-to-rating relationship (Abraham et al.,
2022); and (iii) explicit unknown labels (52.2% of
annotations), providing ground-truth for aleatoric
validation.

Model Backbones and Training We evaluate
across two model families. Encoder models use a
frozen encoder with trainable heads: DistilBERT-
base (66M parameters), RoBERTa-base (125M),
and DeBERTa-v3-base (184M). LLM models use
LoRA fine-tuning (r=16, a=32): Phi-3-mini
(3.8B), Mistral-7B (7B), and Llama-3.1-8B (8B).
All configurations use H=>5 ensemble heads with
diverse dropout rates (0.05-0.25) and pooling
strategies (CLS and mean pooling) to encourage
prediction diversity. For training, we use AdamW

optimizer with Ir=10"%, batch size 16, weight
decay 0.01. Encoder models train 40 epochs;
LLMs train 10 epochs with LoRA. Loss weights:
Aconcept=1.0, Ag1e=0.5. This tests whether decom-
position generalizes across model scales. See Ap-
pendix B-D for details.

Baselines. We compare against established uncer-
tainty quantification methods: MC Dropout (Gal
and Ghahramani, 2016) (50 stochastic forward
passes), Deep Ensembles (Lakshminarayanan et al.,
2017) (5 independently trained models), Tem-
perature Scaling (Guo et al., 2017) (post-hoc
calibration), and Evidential DL (Sensoy et al.,
2018) (Dirichlet-based uncertainty). We also in-
clude CBM-specific baselines: CBM (Koh et al.,
2020), CBM+MC Dropout, CBM+Ensemble, and
P-CBM (Kim et al., 2023). All methods are
matched for computational budget (5 ensemble
members or 50 MC passes). More detail in App F.

Metrics. We report three primary metrics. (i) Acc:
task accuracy computed from the ensemble mean
prediction p, as defined in §3.1. This is not an
accuracy gain; we use a plain label to avoid confu-
sion with the intervention metric below. (ii) pepi:
Spearman correlation between sample-level epis-
temic uncertainty Uep; = % >k Ue(llfi) and a binary
error indicator (1 if prediction is wrong, O other-
wise). Positive values indicate that epistemic uncer-
tainty is higher on incorrect predictions. (iii) paje:
Spearman correlation between Uillz) and the per-
concept annotator unknown rate. Positive values
indicate aleatoric uncertainty tracks human am-
biguity. On SST-2, which lacks multi-annotator
disagreement labels, p, reflects correlation with
the error indicator instead; we expect and observe
negative values, confirming that aleatoric does not
track errors (see §4.1). (iv) AAcc (intervention
tables only): accuracy gain from replacing selected
concept predictions with ground-truth values, i.e.
Acc(corrected) — Acc(original).
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Table 2: Main results across datasets and model scales. Top: General UQ and CBM baselines. Middle: CREDENCE
with encoder backbones (66M—184M params). Bottom: CREDENCE with LLM backbones (3.8B—8B params,
LoRA). pepi: Spearman correlation between epistemic uncertainty and prediction error. pue: correlation with
annotator disagreement (SST-2 lacks disagreement labels; values show error correlation). Best per section in bold.

All p < 0.001.
CEBaB GoEmotions HateXplain SST-2
Method Acc Pepi Pale Acc Pepi Pale Acc Pepi Pale ‘ Acc Pepi Pale
MC Dropout 70.2 185 312 47.1 .042 .089 738 178 234 | 89.8 .198 -.089
General Deep Ensemble 71.1 201 345 482 056 .112 745 195 267 | 90.3 215 -.076
Temp. Scaling 70.8 .098 287 47,5 .029 .076 74.1 112 .198 | 90.1 .124 -.102
Evidential DL 69.5 142 287 458 .031 .078 729 134 198 | 89.2 .156 -.095
Standard CBM 704 121 298 46.8 .038 .094 732 145 221 | 90.6 .238 -.111
CBM CBM + MC Drop 70.1 168 324 46.5 .044 102 730 .162 245 | 90.3 261 -.098
CBM + Ensemble 71.0 .189 356 479 .052 .118 742 184 271 | 909 274 -.085
P-CBM 70.6 156 341 472 .048 .108 73.6 .171 .258 | 90.5 .252 -.095
CRED.-DistiBERT 682 251 742 453 .089 .183 72.1 234 412 | 89.0 .316 -.128
Encoder CRED.-RoBERTa 71.6 287 785 48.77 071 .198 748 267 445 | 904 342 -112
CRED.-DeBERTa 734 302 785 512 .095 .198 763 .289 463 | 91.2 .361 -.095
CRED.-Phi-3 69.8 268 723 46.1 .082 .176 735 245 398 | 88.6 .325 -.118
LLM CRED.-Mistral 723 279 758 494 103 185 752 271 431 | 90.2 348 -.102
CRED.-Llama-3 719 274 749 489 .091 .182 749 263 427 | 899 339 -.098

4.1 Main Results

Table 2 summarizes results across datasets and
model scales. The core finding is separation: CRE-
DENCE is the only method achieving high pg.
where disagreement labels exist (CEBaB: 0.785 vs.
best baseline 0.356, a 2.1 x improvement), while
consistently improving pep; over matched baselines
(CRED.-RoBERTa vs. CBM+Ensemble: 0.287 vs.
0.189, same backbone, same 5-head budget). This
separation enables the downstream decisions in Ta-
bles 3 and 4: which concepts to correct and how to
route samples in sentiment and toxicity pipelines.
Among encoders, DeBERTa achieves the strongest
epistemic correlations; LoRA-adapted LLMs are
competitive but not superior; Mistral-7B reaches
Pepi = 0.348 on SST-2, slightly below DeBERTa
despite a substantially larger scale, consistent with
encoder CBMs being more sample-efficient under
full concept supervision. We now examine each
research question in detail.

RQ1: Does Epistemic Uncertainty track Pre-
diction Errors? Table 2 shows CREDENCE
achieves strong epistemic-error correlations across
all datasets. Stratifying predictions by correctness
reveals a clear pattern: when the model makes an
error, ensemble heads disagree; when the model
is correct, heads converge. This means epistemic
uncertainty can serve as a reliable signal for iden-
tifying predictions that should not be trusted. In
contrast, aleatoric uncertainty shows no such pat-

tern—incorrect and correct predictions have nearly
identical aleatoric values. High aleatoric does not
indicate that the model will be wrong; it indicates
something else entirely. On SST-2, p,e is negative
across all methods because the dataset lacks anno-
tator disagreement labels; aleatoric has no ground-
truth ambiguity to track, so it correctly shows no
systematic association with errors. A negative
value does not imply an inverse relationship; it
reflects the null expectation when no ground-truth
ambiguity exists. This validates structural separa-
tion: epistemic (ensemble variance) and aleatoric
(learned ambiguity) track distinct phenomena. If
aleatoric does not track errors, what does it capture?
We turn to CEBaB, which provides ground-truth
annotator disagreement.

RQ2: Does aleatoric uncertainty capture data
ambiguity? CEBaB provides explicit “unknown”
annotations when annotators could not determine a
concept’s value (52.2% of labels). On this dataset,
aleatoric strongly correlates with annotator dis-
agreement: p,e = 0.742-0.785 for CREDENCE
models (Table 2), far exceeding baselines (best:
CBM-+Ensemble at pye = 0.356). The correlation
strengthens with concept ambiguity: Food (25%
unknown, p = 0.72) — Service (45%, p = 0.78)
— Ambiance (63%, p = 0.81) — Noise (75%,
p = 0.83). Per-concept breakdown appears in Ap-
pendix F.4 Table 11. This means that aleatoric un-
certainty captures genuine input ambiguity—cases
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Table 3: Concept intervention results. AAcc =
Acc(corrected)—Acc(original) after replacing top-5 con-
cepts with ground-truth labels.

Dataset Epistemic Aleatoric Ratio
SST-2 +2.1% +19.1% 9.1x
CEBaB +6.4% +18.7% 2.9x%
Mean +4.3% +18.9% 4.4x

where even humans cannot agree. High aleatoric
flags text that is inherently unclear, not text that the
model misunderstands.

The SST-2/CEBaB Contrast Validates Struc-
tural Separation. The opposing behaviours con-
firm that epistemic and aleatoric capture genuinely
distinct phenomena. On SS7-2 (no disagreement la-
bels): epistemic is positively associated with errors
(pepi > 0); aleatoric shows a small negative asso-
ciation with errors (pye < 0), indicating it is not
measuring model failure as intended. On CEBaB
(has disagreement labels): epistemic is again pos-
itively associated with errors (pepi > 0); aleatoric
is strongly associated with human annotator dis-
agreement (p,e = 0.78), not with model errors.
Note that a negative pye on SST-2 does not im-
ply an inverse relationship; it reflects the absence
of a systematic link, which is the null expectation
when no ground-truth ambiguity signal exists. Like-
wise, a positive pye on CEBaB reflects a genuine
positive association, not merely a non-zero value.
If both signals arose from the same source, they
would behave identically across datasets. Instead,
epistemic consistently tracks model confusion re-
gardless of annotation availability, while aleatoric
tracks human disagreement only when such labels
exist. This is the structural separation we designed.

RQ3: Does decomposition enable better deci-
sions? RQI-RQ2 RQ1RQ?2 established that epis-
temic and aleatoric capture distinct phenomena.
We now turn to whether this distinction is actually
useful in practice by analyzing two views: (i) tar-
geted concept corrections and (ii) sample routing.

Application 1: Concept Interventions. We re-
place predicted concepts with ground-truth labels,
comparing three strategies: target concepts with
the highest epistemic uncertainty, highest aleatoric
uncertainty, or random selection.

Table 3 reveals an asymmetry that validates the
decomposition: epistemic and aleatoric identify
functionally different concept sets, so they respond

differently to the same correction procedure. This
is not a competition between two strategies: there
is no “satisfactory” ratio threshold. The relevant
question is whether the two uncertainty types iden-
tify distinct concepts; the intervention gap confirms
they do, consistently across runs (aleatoric: +0.2pp
variance; epistemic: 2.4pp, Table 12).

Why Aleatoric-Targeted Corrections Work Bet-
ter? The answer lies in what each uncertainty
type captures. High-aleatoric concepts are ambigu-
ous because they matter; annotators disagree pre-
cisely on concepts that strongly influence the final
label. Correcting these resolves genuine decision-
relevant ambiguity. High-epistemic concepts, by
contrast, reflect model confusion—but this confu-
sion often occurs on rare patterns or edge cases
that are weakly connected to the prediction. Fixing
what the model struggles with is not the same as
fixing what matters for the task. This has direct
practical implications: when the annotation budget
is limited, prioritize correcting concepts with high
aleatoric uncertainty. These are the concepts where
human input provides maximum information gain.

Application 2: Sample Routing. Beyond con-
cept corrections, decomposition enables routing
entire samples to appropriate handlers. Table 4
shows examples from four quadrants defined by
median uncertainty thresholds. The quadrants re-
veal qualitatively different failure modes that de-
mand different responses:

DATA (56.6% AAccuracy): The model fails on
clear inputs. These are learnable errors: the text
“Lobster Mac & Cheese is incredible. Service was
terrible.” has unambiguous aspect sentiments, but
the model has not seen enough mixed-sentiment
examples to aggregate them correctly. Response:
collect more training data.

REVIEW (85.7% AAccuracy): The model suc-
ceeds on ambiguous inputs. “Disappointing.” is
correctly classified as negative, but reasonable hu-
mans might disagree about severity or aspect at-
tribution. Response: flag for human review, not
because the model is wrong, but because stakehold-
ers may legitimately disagree.

Without decomposition, both cases would be
labeled simply “uncertain” and receive identical
treatment: missing the opportunity for targeted ac-
tion. The AAcc gap between DATA and REVIEW
quadrants is invisible to any aggregate uncertainty
measure. Full quadrant analysis appears in Ap-
pendix G.
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Table 4: Representative examples from each uncertainty quadrant (CEBaB).

Text

| Pred | Upi Ui | Interpretation

TRUST (Low Epi, Low Ale) — AAcc: 78.8% — Automate

“The service was fantastic and the food was very
good.”

Pos v

.001 .25 | Model confident, input clear

DATA (High Epi, Low Ale) — AAcc: 56.6% — Collect training data

“Lobster Mac & Cheese is incredible. Service was
terrible.”

Neg X

.017 .50 | Model confused, but input is clear

REVIEW (Low Epi, High Ale) — AAcc: 85.7% — Human review

“Disappointing.”

Neg v

.002 .89 | Model confident, but humans may dis-

agree

ABSTAIN (High Epi, High Ale) — AAcc: 65.3% — Decline

“Been there many times.”

| NeuX | .005 .98

\ Model confused, input unclear

V= correct, X= error. Extended examples in Appendix H.

Not All Uncertainty the Same Consider two pre-
dictions, both 70% uncertain. Standard approaches
treat them identically—flag both for review or trust
neither. But RQ1-RQ3 show this misses critical
information: (i) Prediction A: High epistemic, low
aleatoric. The model is confused, but the text is
clear. A human would easily label this correctly.
Solution: train the model on more similar examples.
(i1) Prediction B: Low epistemic, high aleatoric.
The model is confident, but the text is genuinely
ambiguous; even humans disagree. Solution: ask
a human, as this is a judgment call. These require
opposite responses, yet aggregate uncertainty can-
not distinguish them. CREDENCE can, because
epistemic (model confusion) and aleatoric (human
disagreement) arise from separate components that
measure different things. Knowing why a predic-
tion is uncertain tells you what to do about it.

4.2 Ablation Studies

We ablate key design choices on CEBaB with
RoBERTa-base. Table 5 summarizes results,
with full ablations in Appendix I, including
LoRA rank configurations (Appendix I.3), dropout
spacing (Appendix 1.4), loss weight sensitiv-
ity (Appendix 1.6), cross-dataset consistency
(Appendix 1.7), and computational costs (Ap-
pendix 1.8). These analyses provide a comprehen-
sive validation of the robustness and trade-offs of
our optimization strategy.

Ensemble Size. Table 5 (top) and Table 14 in Ap-
pendix I.1 show the effect of ensemble size. Epis-
temic correlation (pepi) increases with H, while
aleatoric correlation (pye = 0.78) remains con-
stant, confirming structural separation: more en-

semble heads (H) strengthen epistemic but not
aleatoric correlation. Removing the aleatoric head
collapses aleatoric correlation but leaves epistemic
unchanged, indicating that each signal responds
only to its own component. We use H=5 for ef-
ficiency; additional configurations appear in Ap-
pendix I.1.

Diversity Mechanisms. Table 5 (bottom) ablates
diversity sources (extended multi-diversity results
in Table 15, Appendix 1.2). Removing LoRA-rank
or dropout variation reduces pep; While leaving pye
largely unchanged. With identical head configura-
tions (same dropout and LoRA rank), predictions
converge and the epistemic signal weakens: the
ensemble needs genuinely different perspectives to
expose model confusion. Insight: Epistemic un-
certainty depends on disagreement, not head count:
five diverse heads beat fifteen identical ones.

Aleatoric Supervision. Removing the aleatoric
head leaves pep; unchanged but collapses pae
(0.785 — 0.356). This shows that epistemic and
aleatoric uncertainty depend on different parame-
ters and that aleatoric uncertainty needs explicit su-
pervision—ensemble disagreement alone cannot re-
cover it or human disagreement. To measure what
humans disagree about, models must be trained
on human disagreement. Additional supervision
modes appear in Appendix 1.5. Insight: Model
confusion and human disagreement are fundamen-
tally different: models can be confused about what
humans find obvious and confident about what hu-
mans contest. Ensemble engineering cannot re-
place learning from real human variation.
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Table 5: Ablation studies (CEBaB, RoBERTa-base).
Top: ensemble size—only pep; scales with H. Bottom:
diversity removal degrades epistemic while aleatoric
remains stable.

Configuration AAcc  pPei Pake

Ensemble size

H=3 70.8  .189 778
H = 5 (CREDENCE) 71.6 287 785
H =10 712 298 779
H=15 709 312 776

Diversity removal

Uniform LoRA rank (r=16)
Uniform dropout (0.15)

No aleatoric head

712 212 782
71.0 198 779
71.8 285 356

Table 6: Aleatoric supervision ablation (CEBaB,
RoBERTa-base). pep; is stable across all modes, confirm-
ing structural separation is independent of the aleatoric
signal.

Supervision mode Pepi pae  ECE
None (proxy only) 285 356 .078
Entropy-based (unsupervised) 281 412 .065
Heteroscedastic NLL 279 523 .052

Supervised BCE (CREDENCE) 287 785  .041

4.3 Aleatoric Supervision Modes

Aleatoric supervision requires annotator disagree-
ment labels, which may be unavailable in new do-
mains. Table 6 shows the framework degrades
gracefully without them. First, supervised BCE
is strongest when disagreement labels are avail-
able (pae = 0.785). Second, heteroscedastic NLL
reaches pye = 0.523 without any annotator la-
bels, substantially above the proxy-only baseline
(0.356), showing the framework remains useful in
label-scarce settings. Third, pep; is stable across
all modes (0.279-0.287), confirming that the epis-
temic and aleatoric components are architecturally
independent: changing aleatoric supervision does
not affect the epistemic signal. Improving unsu-
pervised aleatoric estimation remains an important
direction for future work.

Proxy inter-annotator agreement. We use CE-
BaB’s per-annotator UNKNOWN labels as a proxy:
for each example and concept, we compute the
annotator unknown rate and binarise at the me-
dian, then compute Cohen’s « and Krippendorft’s
a against CREDENCE's binarised Uy scores.
Agreement increases monotonically with con-
cept ambiguity, matching the per-concept p,e gra-
dient above. Overall, x = 0.47 falls in the
moderate agreement range, supporting the claim

Table 7: Proxy IAA between CREDENCE aleatoric
assignments and CEBaB per-annotator unknown rates
(binarised at median).

Concept Unknown % K «

Food Quality 25.0% 031 0.29
Service Quality 45.2% 044 042
Ambiance 63.0% 0.52 051
Noise Level 75.8% 0.61 0.59
Macro average 52.3% 047 045

that aleatoric quadrant assignments track human-
perceived uncertainty rather than model artifacts.

5 Conclusion

We introduced CREDENCE, a framework for de-
composing uncertainty in CBMs into epistemic and
aleatoric components using credal sets. Our key
findings: epistemic uncertainty (ensemble disagree-
ment) correlates with prediction errors (p = 0.287,
p < 10733), aleatoric uncertainty captures genuine
data ambiguity (p = 0.785), and targeting high-
aleatoric concepts for intervention consistently out-
performs epistemic targeting across datasets (Ta-
ble 3), demonstrating that ambiguous concepts
drive prediction outcomes more than confusing
ones These results provide actionable uncertainty
signals for human-AlI collaboration: epistemic un-
certainty identifies where models need more data,
while aleatoric uncertainty highlights where human
judgment is essential.

As future work, we aim to study unsupervised
aleatoric uncertainty estimation without relying on
annotator labels, broaden the framework to cover
generative settings, and examine learned aggrega-
tion methods that go beyond naive averaging to
more effectively integrate the outputs of diverse
ensemble heads.

Limitations

Our method depends on concept-level annotations,
which restricts its use in certain domains. Ensemble
inference incurs an additional H x number of for-
ward passes (which can be run in parallel). When
encoders are frozen, estimating aleatoric uncer-
tainty requires explicit supervision derived from
annotator disagreement. Correlations in epistemic
error are moderate (p = 0.3), indicating that bound-
ary mistakes are influenced by both forms of uncer-
tainty.
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Table 8: Complete mathematical notation for the CREDENCE framework.

Symbol Type Definition Section
Standard Concept Bottleneck Model Components

x v Input text (sequence of n tokens from vocabulary V') §3
h R? Encoded representation: h = fene () §3
Pk [0,1] Point estimate of concept k: P(cj, = 1|x) §3
Y,y y Ground-truth and predicted class labels §3
CREDENCE: Ensemble Components

H N Number of ensemble heads (default: 5) §3.1
p{® [0,1] Probability for concept k predicted by head h §3.1
Th N LoRA rank for head h (varies across heads: 4, 8, 16, 32, 64) App.B
CREDENCE: Aleatoric Uncertainty

aék) [0,1] Predicted aleatoric uncertainty (ambiguity) for concept k §3.1
CREDENCE: Credal Aggregation

Pk [0,1] Mean prediction across heads: & SHE ngk) §3.1
P, [0,1] Lower credal bound: miny, p;k) §3.1
Pr [0,1] Upper credal bound: maxy, p(hk) §3.1
Ck interval Credal set for concept k: [p, , Py] §3.1
CREDENCE: Uncertainty Decomposition

Ue(]f) R>o Epistemic uncertainty for concept k: Vary, [pik)] §3.1
Ua{:) R>o Aleatoric uncertainty for concept k: aék) §3.1
CREDENCE: Label Propagation

¢ R Lower bound for logit of class j §3.2
Zj R Upper bound for logit of class j §3.2

A Notation Reference

Table 8 presents a comprehensive summary of
mathematical symbols and notation used through-
out the CREDENCE framework. This reference
supports the methodological descriptions in Sec-
tion 3 of the main paper.

B Architecture Implementation Details

B.1 LoRA Head Implementation

Each LoRA ensemble head applies low-rank adap-
tation to a shared base projection layer:

Headj, (h) = (o(Wph + AW,h), Softplus(W,h))
)

where:

s Wy € RE*d: Shared base projection matrix
(frozen after initialization)

o« AW, = %’LBhAh: LoRA adaptation with
scaling factor ay,

e A, € RnXd By € REX™: Learned low-
rank matrices

« W, € RE*4: Weights for the aleatoric uncer-
tainty head

B.2 Functional Diversity Through Rank
Variation

The use of varying LoRA ranks across heads intro-
duces functional diversity in the ensemble:

* Low-rank heads (small r,): Capture domi-
nant concept patterns with stronger regulariza-
tion, providing robust but potentially oversim-
plified predictions

* High-rank heads (large r;): Model finer-
grained details with greater capacity, poten-
tially capturing nuanced patterns but risking
overfitting to training idiosyncrasies

This diversity enables the credal aggregation to
distinguish between confident predictions (narrow
credal sets when heads agree) and uncertain predic-
tions (wide credal sets when heads disagree).

Table 9: LoRA configuration across ensemble heads.

Ensemble Head h 1 2 3 4 5

Rank rp, 4 8 16 32 64
Scaling Factora,, 8 16 32 64 128

C Theoretical Foundations

C.1 Exact Interval Propagation

Proposition 1 (Exact Interval Propagation). For
a linear classifier f(p) = Wp + b with concept
probabilities p € [ [p, , Pi|, the exact bounds on
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output logit j are:

L= Y Wip,+ Y Wipy+b; (10)

k:W;,>0 kW, <0
G= > Wb+ Y, Wip, +b (D)
k:W;,>0 k:W;<0

Proof. The linear classifier output for label j is
l; = > 1 Wikpr + bj. Since each pj, varies inde-
pendently within its interval [p, , Dy ]:

e For positive weights (W, > 0): Wigpg
achieves its minimum at py = p, and maxi-
mum at pp = py,

* For negative weights (W, < 0): Wjkpk
achieves its minimum at p; = p;, and maxi-
mum at py, = Py

Summing these extremal values across all con-
cepts yields the stated bounds, which are tight
as each term achieves its extremal value indepen-
dently. 0

Extension to Probability Space. For binary clas-
sification, the sigmoid function o(-) is monotoni-
cally increasing, allowing exact probability bounds:

Ply=j) € lo(t;), o(E5)).

D Training Procedure and
Implementation

D.1 Multi-Objective Loss Function

The complete training objective combines three
loss terms:

L= Etask + Acﬁconcept + )\oﬁale (12)
Task Classification Loss. Standard cross-

entropy loss applied to the mean concept
predictions: Lk = CE(fus(P), y)

Concept Prediction Loss. Binary cross-entropy
averaged over all ensemble heads and concepts:

k
Econcept = ﬁ Z{L_Izl Z}Ig(zl BCE(p% )7 Ck)

Aleatoric Uncertainty Loss. Binary cross-
entropy between predicted aleatoric uncertainty
and observed annotator disagreement: Ly =

+ Zle BCE(a(gk), I[disagree;])

Alternative Heteroscedastic Loss. When ex-
plicit annotator disagreement labels are unavailable,
we employ a heteroscedastic regression loss:

/-:hetero Tr k
HEGZS1 26,7
1 ~(k
+ 3 log(a,(1 ))2

(13)
where &,(lk) is the predicted variance for head h and
concept k.
D.2 Hyperparameter Configuration

Table 10 provides the complete hyperparameter
configuration used across all experiments, along
with the rationale for each selection.

D.3 Training Algorithm

CREDENCE trains three components jointly while
keeping the encoder frozen: (i) H ensemble con-
cept heads, (ii) a separate aleatoric head, and (iii) a
linear concept-to-label classifier. The total loss
combines three terms:

L= ﬁtask + )\cﬁconcept + )\aﬁale (14)

where Ly = CE(fus(p),y) denotes the
cross-entropy loss computed on the mean con-
cept predictions p = %Zh ;ﬁglk); Leconcept

+ fo:l BCE(ﬁgk), ¢k ) represents the average bi-
nary cross-entropy over all heads, promoting
concept predictions that are both diverse and
AAccurate; and Ly = BCE(Uék),H[unknownk])
trains the aleatoric uncertainty head using an-
notator disagreement as supervision, where
Ifunknowng] = 1 if concept k is annotated as
ambiguous. Throughout all experiments, we fix
Ae = 1.0 and A\, = 0.5. (e.g., different dropout
rates and pooling mechanisms). Algorithm 1 pro-
vides the details/

D.4 Inference Algorithm

At test time, we perform a single forward pass
through the frozen encoder to obtain h = fe,c (),
then pass h through all H ensemble heads and the
aleatoric head in parallel. For each concept k, we
compute:

(k) A(k)

Credal bounds: [p, , px| = [m}in ﬁhk ,max p, ]
(15)

Epistemic:  Uly) = Vary[p}"] (16)
Aleatoric: Uﬂz) = aék) (17

42973



Table 10: Complete hyperparameter configuration for CREDENCE experiments.

Hyperparameter Value Selection Rationale

Ensemble Architecture

Number of ensemble heads (H) 5 Balance between diversity and efficiency

LoRA ranks (r1,...,75) (4,8, 16, 32,64) Geometric progression for functional diversity
LoRA alpha scaling ap, 2xry Standard practice for LoRA scaling

LoRA dropout rate 0.05 Regularization for LoRA adaptation

Concept head hidden dimension 256 Sufficient capacity for concept prediction
Aleatoric head hidden dimension 128 Smaller than concept heads to prevent overfitting
Activation function GELU Standard for transformer-based models

Loss Weights

Task loss weight (Aask) 1.0 Baseline weight for classification

Concept loss weight (Ac) 1.0 Equal importance to task loss

Aleatoric loss weight (A\s) 0.5 Grid search optimal: balances uncertainty learning
Optimization (Encoder Models)

Optimizer AdamW Standard for transformer fine-tuning

Learning rate 1x107* Standard for frozen encoder fine-tuning

Learning rate scheduler

Linear warmup + cosine decay

Warmup steps 500
Weight decay 0.01
Batch size 16
Gradient AAccumulation steps 2
Maximum training epochs 40
Early stopping patience 5 epochs
Gradient clipping 1.0

Smooth convergence

10% of total training steps
Standard regularization
Limited by GPU memory
Effective batch size of 32
Sufficient for convergence
Prevents overfitting
Stabilizes training

Optimization (LLM Models)
Optimizer

AdamW (8-bit)

Memory-efficient optimization

Learning rate 2x107° Lower rate for LLM fine-tuning
Learning rate scheduler Cosine with warmup Standard for LLM fine-tuning
Warmup ratio 0.03 3% of training steps for warmup
Weight decay 0.01 Consistent with encoder models
Batch size 4 Smaller due to LLM memory requirements
Gradient AAccumulation steps 8 Effective batch size of 32
Maximum training epochs 10 Fewer epochs for LLMs

LoRA target modules g, v, k, o_proj Standard attention projection layers
Data Processing

Maximum sequence length (enc.) 128 tokens Sufficient for most reviews
Maximum sequence length (LLMs) 256 tokens Longer context for LLMs

Padding direction
Truncation strategy

R (enc.) /L (LLMs)
Longest first

Model-specific conventions
Preserves important content

Reproducibility

Random seed 42
Number of independent runs 3
Training precision FP32 / BF16

Fixed for reproducibility
For statistical significance
Hardware-appropriate precision

The final prediction uses mean concept probabili-
ties: § = argmax; fus(p). For uncertainty-aware
decisions, we propagate credal bounds through
the linear classifier via interval arithmetic (Equa-
tions 7-8) to obtain label-level confidence intervals.
Sample-level uncertainties are computed by aver-
+3,.U. e(fi) and
Uage = % ok U;IIZ). Algorithm 2 provides the de-
tails

aging across concepts: Uegpi =

E Credal Set Theory Background

We present a concise overview of the literature re-
lated to credal sets. For a more comprehensive

treatment of the topic, readers are referred to (Cuz-
zolin, 2024).

E.1 Imprecise Probability

Classical probability assigns a single value P(A) to
each event. Imprecise probability (Walley, 1991)
instead assigns intervals [P(A), P(A)], represent-
ing situations where evidence does not justify a
precise value.

E.2 Credal Sets

A credal set C is a closed, convex set of probability
distributions:

C = {P: P satisfies constraints}  (18)
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Algorithm 1 CREDENCE Training Procedure

Algorithm 2 CREDENCE Inference Procedure

Require: Training dataset D = {(x;,yi, ci, a;)},
frozen encoder fenc
1: Initialize LoRA heads with varying ranks:
(4,8,16,32,64)
2: for epoch = 1 to num_epochs do
for each minibatch (z,y,c,a) ~ D do
h « fenc(2) > Frozen encoder
forward pass
5. pt® « Heady,(h) for all h € [1, H],
ke ll, K]
6: o) « Head,.(h) forall k € [1, K]
7 p*) 0L Py
predictions
8: L+ CE(fcls(I_)),y) + )\c»cconcept +
)\crﬁale
9: Update all trainable parameters via V.L
10: end for
11: end for

> Mean concept

For binary events, this reduces to an interval:
C={pel0,1]:p<p<p} (19)
The imprecision p — p quantifies total uncer-
tainty.
E.3 Decision Criteria
Given credal sets, several decision criteria exist:

'-Maximin. Choose action maximizing worst-
case expected utility:

a® = argmaxmin Ep[U(a)] (20)

a PeC

Maximality. Action a is maximal if no other
action dominates it for all P € C:

a € A* <= Pa' :Ep[U(d)] > Ep[U(a)] VP €C

@2y

E-admissibility. Action a is E-admissible if it
maximizes expected utility for some P € C:
a€A* < IP €C:a=argmaxEp[U(d’)]
a/
(22)
In classification, these criteria determine which

labels are “non-dominated” given concept uncer-
tainty.

F Baseline Method Descriptions

We describe the baseline methods used for compar-
ison with CREDENCE. Our baselines encompass
different facets of uncertainty, including a standard
CBM augmented with uncertainty estimation.

Require: Input sample z, trained CREDENCE

model

1: h <+ fene(2) > Encode input

2: pglk) < Heady(h) for all h € [1,H], k €
[1, K]

3: o) « Headye(h) forall k € [1, K]

4 p, miny pgf), D < maxy, pgk) > Compute
credal bounds

k k
5: Ue(pi) — Varh[pgl )}

6: U éfllz) — o) > Aleatoric uncertainty

7. Compute logit bounds via interval arithmetic
(Equations 7-8)

8: ¢ < argmax; o({;)

9: return 7, {Ué:i), USZ), Citiey

> Epistemic uncertainty

> Meanprediction

F.1 General Uncertainty Quantification
Methods

MC Dropout (Gal and Ghahramani, 2016): Ap-
proximates Bayesian inference through stochastic
dropout activation at test time (using 50 forward
passes). A widely adopted baseline due to its sim-
plicity and minimal modification requirements.

Deep Ensembles (Lakshminarayanan et al.,
2017): Trains 5 independently initialized mod-
els with different random seeds, aggregating pre-
dictions via averaging. Consistently demon-
strates strong uncertainty quantification perfor-
mance across diverse tasks.

Temperature Scaling (Guo et al., 2017): Post-
hoc calibration method that learns a single temper-
ature parameter to improve probability calibration.
Useful for isolating calibration effects from uncer-
tainty decomposition capabilities.

Evidential Deep Learning (Sensoy et al., 2018):
Places a Dirichlet prior over class probabilities,
providing uncertainty decomposition into “vacuity”
(lack of evidence) and “dissonance” (conflicting
evidence).

F.2 Concept-Based Model Baselines

Standard CBM  (Koh et al., 2020): Original
Concept Bottleneck Model architecture with deter-
ministic concept predictions. Provides concept-
level uncertainty only through entropy H (py),
which conflates epistemic and aleatoric uncertainty.
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Table 11: Per-concept aleatoric validation (CEBaB).

Concept Unknown % Pale
Food Quality 25.0% 0.72
Service Quality 45.2% 0.78
Ambiance 63.0% 0.81
Noise Level 75.8% 0.83
Overall 52.2% 0.785
CBM with MC Dropout : Standard CBM archi-

tecture with test-time dropout (50 forward passes).
Concept uncertainty estimated as prediction vari-
ance across stochastic forward passes.

CBM with Deep Ensemble : Ensemble of 5 in-
dependently trained CBMs. Serves as the most
direct comparison to CREDENCE, differing pri-
marily in using full model ensembles rather than
lightweight LoRA heads.

Probabilistic CBM (P-CBM) (Kimetal., 2023):
Employs stochastic concept embeddings sampled
from learned distributions. Provides concept-level
uncertainty without explicit decomposition into
epistemic and aleatoric components.

F.3 Baseline Selection Rationale

Our baseline selection covers diverse uncertainty
quantification paradigms:

* Paradigm coverage: Bayesian approxima-
tion (MC Dropout), frequentist ensembles
(Deep Ensembles), post-hoc calibration (Tem-
perature Scaling), and evidential learning (Ev-
idential DL)

* Concept-level uncertainty: CBM variants
test whether existing approaches provide ac-
tionable concept-level signals without explicit
decomposition

e Computational comparability: H = 5
heads for CREDENCE vs. 5 models for en-
semble baselines; 50 MC passes provide com-
parable wall-clock inference time

F.4 Per-Concept Aleatoric Validation (RQ2)

Table 11 wvalidates that aleatoric correlation
strengthens with concept ambiguity. Concepts
with higher rates of “unknown” annotations show
stronger aleatoric signals. aleatoric identifies con-
sistently important concepts, while epistemic cap-
tures run-specific model confusion.

Epistemic Uncertainty

o= REVIEW ABSTAIN

H :E” Human review Expert review

S 85.7% AAcc. 65.3% AAcc.

3

=

=

2

§ .| TRUST DATA

< 5 Auto-approve Collect data
78.8% AAcc. 56.6% AAcc.

Low High

Figure 2: Compact quadrant-based decision support.
REVIEW achieves highest AAccuracy (85.0%) despite
high aleatoric uncertainty.

F.5 Intervention Stability Analysis

Table 12 shows intervention results across multiple
runs. Aleatoric-targeted gains are remarkably sta-
ble (+0.2pp) while epistemic-targeted gains vary
widely (4-2.4pp).

Table 12: Per-run intervention breakdown showing
aleatoric stability.

Run Epistemic  Aleatoric  Ratio
SST-2 Run 1 +1.6% +19.2% 12.0x
SST-2 Run 2 +2.7% +18.9% 7.0x
CEBaB Run 1 +6.4% +18.7% 2.9%
Mean +3.6% +18.9% 5.3x%
Std +2.4pp +0.2pp —

The stability difference is itself informative:
aleatoric uncertainty identifies concepts with con-
sistent predictive importance, while epistemic un-
certainty captures model-specific confusion that
varies across runs.

G Quadrant-Based Routing Analysis

The uncertainty decomposition enables a four-
quadrant decision framework (Figure 2). Notably,
the HUMAN REVIEW quadrant achieves the highest
AAccuracy (85.7%) despite high aleatoric uncer-
tainty—these are cases where the model is correct
but humans may legitimately disagree. The COL-
LECT DATA quadrant shows the lowest AAccuracy
(56.6%), confirming epistemic uncertainty identi-
fies fixable model errors.

G.1 Cross-Dataset Quadrant Analysis

CEBaB demonstrates the clearest quadrant sepa-
ration, attributable to its explicit causal concept
structure and comprehensive “unknown’ annota-
tions that provide clear training signals for both

42976



Table 13: Extended qualitative examples from each uncertainty quadrant (CEBaB). Uey;: epistemic uncertainty; Uye:

aleatoric uncertainty. v'= correct, X= error.

Text

| Pred | Upi  Uue | Why This Quadrant?

TRUST (Low Epi, Low Ale) — AAcc: 78.8% — Safe to automate

“The service was exceptional and the ambiance | Posv' | .001 .25 | Multiple positive aspects; no ambigu-

was perfect.” ity

“Horrible experience. Cold food, rude staff.” Negv | .002 .12 | Unambiguous negative; reinforcing
signals

“Best restaurant in the city!” Posv | .001 .08 | Strong superlative; clear intent

DATA (High Epi, Low Ale) — AAcc: 56.6% — Collect training data

“Food was superb but the service was atrocious.” | Neg X | .056 .47 | Conflicting aspects; model unsure how
to aggregate

“Lobster Mac & Cheese incredible. Service terri- | Neg X | .017 .50 | Mixed signals; humans would agree

ble.” on aspects

“Not bad, not great, just okay I suppose.” Neu X | .034 .41 | Hedged language; rare pattern in train-
ing

REVIEW (Low Epi, High Ale) — AAcc: 85.7% — Route to human

“Disappointing.”
“It was what it was.”

“Interesting experience.”

Neg v
Neu v/

Neu v/

.002 .89 | Single word; severity unclear to hu-
mans

.003 .94 | Idiomatic; inherently ambiguous
stance

.002 91 | Polysemous; valence depends on
reader

ABSTAIN (High Epi, High Ale) — AAcc: 65.3% — Decline or escalate

“Been there many times.”
“Just like grandma used to make.”

“They tried.”

Neu X
Pos X

Neg X

.005 .98 | Factual statement; no sentiment signal

.021 .93 | Cultural reference; sentiment context-
dependent

.018 .96 | Potentially sarcastic; literal vs. implied
meaning

epistemic and aleatoric uncertainty.

H Qualitative Analysis and Interpretation
Guidelines

This section serves two purposes: (i) validate that
the uncertainty decomposition captures semanti-
cally meaningful distinctions, and (ii) provide prac-
titioners with concrete guidelines for acting on
CREDENCE outputs in deployment.

H.1 Representative Examples by Uncertainty
Quadrant

Table 13 presents examples from each uncertainty
quadrant on CEBaB. We sampled 50 examples per
quadrant and selected cases that illustrate the diver-
sity of linguistic phenomena within each.

H.2 Patterns Across Quadrants

Several patterns emerge from the qualitative analy-
sis:

Content Length Correlates with Aleatoric Un-
certainty. Reviews in high-aleatoric quadrants
(REVIEW, ABSTAIN) average 4.2 words; low-
aleatoric quadrants (TRUST, DATA) average 12.1

words. Shorter reviews lack context for aspect-
level sentiment, which the aleatoric head correctly
identifies as inherent ambiguity.

Conflicting Aspects Trigger Epistemic Uncer-
tainty. The DATA quadrant is dominated by re-
views with positive sentiment for some concepts
and negative for others (e.g., “great food, terrible
service”). Ensemble heads disagree on aggregation,
producing high epistemic uncertainty. Aleatoric
remains moderate because individual aspect senti-
ments are clear—the ambiguity lies in aggregation,
not interpretation.

Idiomatic Expressions Cluster in High-Aleatoric
Quadrants. Expressions like “it was what it was”
or “just like grandma used to make” require cul-
tural context that varies across annotators. This
produces genuine human disagreement that persists
regardless of model capacity.

ABSTAIN Contains the Hardest Cases. These
examples combine model confusion (heads dis-
agree) with inherent ambiguity (annotators dis-
agree). Manual inspection confirms that even hu-
man experts struggle with these cases, validating
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the abstention recommendation.

H.3 Deployment Guidelines

Each quadrant corresponds to a distinct situation re-
quiring a different response. We provide actionable
guidelines for practitioners:

TRUST (Low Epistemic, Low Aleatoric). What
it means: The model is confident and the input is
unambiguous. Ensemble heads converge; aleatoric
head predicts low ambiguity.

Typical inputs: Multi-aspect reviews with con-
sistent polarity, superlative language, explicit senti-
ment words.

Action: Safe for automation. Monitor for edge
cases (see SH.4).

DATA (High Epistemic, Low Aleatoric). What
it means: The model is confused, but the input is
clear. Ensemble heads diverge on predictions that
humans would likely agree on.

Typical inputs: Conflicting aspect sentiments,
rare grammatical constructions, typos, edge cases
underrepresented in training.

Action: Prioritize for active learning. These are
learnable errors—more training data will help.

REVIEW (Low Epistemic, High Aleatoric).
What it means: The model is confident, but the in-
put admits multiple valid interpretations. Humans
may legitimately disagree.

Typical inputs: Minimal-content reviews, im-
plicit sentiment, idiomatic phrases, context-
dependent expressions.

Action: Route to human review—not because
the model is wrong (AAccuracy is highest here at
85.7%), but because stakeholders may disagree on
the correct label.

ABSTAIN (High Epistemic, High Aleatoric).
What it means: Both model and humans struggle.
The input is ambiguous and the model lacks train-
ing signal for this pattern.

Typical inputs: Brief statements with potential
sarcasm, factual observations without sentiment,
culturally-specific references.

Action: Decline prediction or escalate to domain
experts. These are genuinely hard cases.

H.4 Failure Mode Analysis

We analyze errors within each quadrant to identify
improvement opportunities:

False Positives in TRUST (21.2% error rate).
Despite high confidence, some TRUST predictions
fail. Primary causes:
* Negation scope errors (“not bad” — negative)
* Comparative constructions (“better than ex-
pected” — neutral)
* Implicit sentiment requiring world knowledge
(“finally got a reservation” implies positive
sentiment about popularity)

Persistent DATA Errors. Some DATA examples
remain errors even after intervention:
* Genuine label noise in training data
* Annotation guidelines that conflict with model
priors
* Rare constructions with insufficient similar
examples

The REVIEW AAccuracy Paradox. REVIEW
achieves the highest AAccuracy (85.7%) despite
high aleatoric uncertainty. This apparent paradox
resolves when we recognize that aleatoric measures
annotator disagreement, not prediction difficulty.
Many REVIEW examples have a clear majority
label that the model correctly predicts; minority
annotator disagreement drives high aleatoric. This
validates the prescriptive interpretation: route to
human review not because the model is wrong, but
because some users may legitimately disagree with
the majority label.

I Extended Ablation Studies

We conduct comprehensive ablation studies to un-
derstand the contribution of each CREDENCE
component. All ablations use the CEBaB dataset
with the RoOBERTa-base encoder unless otherwise
noted. Main paper results appear in Table 5.

1.1 Ensemble Size

Table 14: Ensemble size ablation.

H AAce Pepi Pale Width Params Train Infer
1 70.2 052 781 .034 0.24M 1.0x 1.0x
3 70.8 189 778 .078 0.71M 1.4x 1.2x
5 71.6 287 785 112 1.18M 1.8x 1.4x
7 71.4 294 781 134 1.65M 2.2x 1.6x

0 71.2 298 779 156
5 70.9 312 776 178
70.7 318 774 195

2.3 2.8x 2.0x
3.55M 3.8% 2.8x
4.73M 4.8% 3.6%

Width: mean credal interval. Train/Infer: relative time vs H=1. All p values
p < 0.001.

Epistemic correlation scales with ensemble size
while aleatoric remains stable. Credal width in-
creases with H. AAccuracy is largely unaffected.
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I.2 Diversity Mechanisms

Without diversity, heads converge to similar pre-
dictions. Each diversity source contributes to epis-
temic correlation. Aleatoric remains stable across
configurations.

LI.3 LoRA Rank Configuration

Diverse rank configurations outperform uniform
configurations. The ordering (low—high vs
high—low) has minimal effect.

I.4 Dropout Spacing Strategy

Geometric spacing in keep-probability space pro-
duces higher inter-head disagreement than uniform
or linear spacing.

L5 Aleatoric Supervision

Supervised training with annotator disagreement
achieves the strongest aleatoric correlation. Epis-
temic correlation remains stable across configura-
tions.

1.6 Loss Weight Sensitivity

Higher A, improves task and concept AAccuracy.
Higher )\, improves aleatoric correlation. The de-
fault balances these objectives.

I.7 Cross-Dataset Consistency

We verify that key findings replicate across datasets
using RoBERTa-base.

Findings replicate across datasets. SST-2 shows
negative pye because it lacks annotator disagree-
ment labels.

L.8 Computational Cost

CREDENCE shares the frozen encoder across
heads, requiring only additional LoRA parameters.
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Table 15: Multi-strategy diversity ablation.

Configuration AAAce Pepi Pale Width Disagree
No diversity (baseline)
Uniform (all identical) 71.2 087 781 .023 .008
Single diversity source
Dropout only 70.8 198 779 067 031
LoRA rank only 70.5 212 778 078 .038
Pooling only (CLS/Mean) 71.0 156 782 .054 .024
Architecture only 70.6 178 780 .062 029
Two diversity sources
Dropout + LoRA 71.1 241 780 .095 052
Dropout + Pooling 70.9 223 781 084 .045
LoRA + Pooling 70.7 234 779 .089 048
All diversity sources
Dropout + LoRA + Pooling (CREDENCE) 71.6 287 785 112 .067
Disagree: mean pairwise head disagreement. Width: mean credal interval.
. . Table 19: Loss weight sensitivity.
Table 16: LoRA rank configuration ablation.
Ac Aa AAcc Pepi Pale Concept AAcc
Rank Configuration AAcc Pepi Width Params
0.5 0.25 69.8 298 712 712
Uniform rank (all heads same) 0.5 0.5 702 294 756 71.8
r=4 (all heads) 70.1 178 .056 0.47M 0.5 1.0 69.5 278 798 70.9
r=8 (all heads) 70.5 189 067 0.71M
r=16 (all heads) 71.2 212 078 1.18M 1.0 0.25 72.1 291 698 74.5
r=32 (all heads) 71.0 198 089 2.12M 1.0 0.5 (CREDENCE) 71.6 287 785 73.8
r=64 (all heads) 70.8 187 095 401M 1.0 1.0 70.8 276 812 724
Diverse rank configurations 2.0 0.25 72.4 268 .654 75.8
Linear {4, 19, 34, 49, 64} 71.3 256 098 1.89M 2.0 0.5 71.9 274771 752
Geometric {4, 8, 16, 32, 64} 71.6 287 112 1.18M 2.0 1.0 71.2 265 795 74.1
Inverse {64, 32, 16, 8, 4} 71.5 284 109 1.18M
Table 20: Ablation consistency across datasets.
Table 17: Dropout spacing ablation. Dataset Configuration AAcc  poi Pt
CREDENCE (full)  71.6 287  .785
; i i Uniform dropout 71.0 198 179
Dropout Strategy pei Width  Disagree CEBaB Noaleatoric head 718 285 356
Uniform dropout H=3 70.8 189 778
d=0.10 (all heads) 167 045 021
d=0.15 (all heads) 178 052 025 CREDENCE (ful) 748 267 445
d=0.20 (all heads) 182 058 028 HateXplain ~ Oniform dropout 742 184 438
d=0.25 (all heads) 175 054 026 No aleatoric head 75.1 263 271
H=3 739 178 441
Diverse dropout
Linear {0.05, 0.12, 0.20, 0.27, 0.35} 245 089 051 CREDENCE (ful) 487  .071  .198
Geometric {0.05,0.09,0.15,0.22,0.30} 267  .098 062 GoEmotions  Uniform dropout 479 048194
Wide range {0.02, 0.10,0.20,0.35,0.50} 254  .112 068 No aleatoric head 489 069 118
H=3 472 045 195
Geometric:
dh =1- eXp(IOg(l_dmax) + Hil [IOg(l_dmin) - lOg(l_dmax)]) CREDENCE (fu“) 90.4 342 - 112
SST2 Uniform dropout 90.1 256 -.108
No aleatoric head 90.6 338 -.089
H=3 89.8 271  -.115

Table 18: Aleatoric supervision ablation.

Table 21: Computational comparison with baselines
(CEBaB, RoBERTa-base).

Aleatoric Mode AAcc Pepi Pale ECE

None (disagreement as proxy) 71.8 285 356 .078 -

Entropy-based (unsupervised) 71.4 281 412 .065 Method Params  Train  Infer  Memory  po,
Heteroscedastic NLL 712279 523 052 Standard CBM 125M  1.0x  10x  10x .21
Supervised BCE (CREDENCE) 71.6 287 185 .041 CBM + MC Drop (50) 125M L.Ox 50% 10X 168
Supervision signal variants CBM + Ensemble (5) 625M 5.0x 5.0x 5.0x .189
Binary unknown label 71.6 287 185 .041 CREDENCE (H=5) 126M 1.2% 1.4% L1x 287
Annotator vote entropy 71.4 284 756 .045 CREDENCE (H=10) 127M 1.5% 1.8% 1.2% 298
Annotator vote variance 71.5 286 768 .043

Params: total parameters. Train/Infer/Memory: relative to Standard CBM.
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