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Abstract

The core of knowledge distillation lies in
transferring the teacher’s rich ‘dark knowl-
edge’—subtle probabilistic patterns that reveal
how classes are related and the distribution
of uncertainties. While this idea is well es-
tablished, teachers trained with conventional
cross-entropy often fail to preserve such sig-
nals. Their distributions appear decisive but are
in fact brittle, offering little beyond the hard
label. This overconfidence is especially prob-
lematic in high-cardinality tasks, where sub-
tle distinctions among many plausible classes
are crucial for guiding compact students. To
address this limitation, we revisit distillation
from a distributional perspective and propose
Calibrated Uncertainty Distillation (CUD), a
framework that makes dark knowledge more
faithfully accessible. Instead of uncritically
inheriting the teacher’s overconfidence, CUD
encourages the teacher to expose informative
uncertainty and guides the student to learn from
calibrated targets instead of overly sharpened
predictions. By shaping the teacher’s predic-
tive distribution before transfer, our approach
balances accuracy and calibration, allowing stu-
dents to benefit from both confident signals on
easy cases and structured uncertainty on hard
ones.

1 Introduction

LLMs such as GPT-4 (Achiam et al., 2023), PaLM
(Chowdhery et al., 2023), LLaMA (Touvron et al.,
2023), and Gemini (Team et al., 2023) deliver
state-of-the-art results across reasoning, dialogue,
and code generation, yet they impose heavy la-
tency, memory, and energy costs at inference time.
Among compression techniques including prun-
ing and quantization, knowledge distillation (KD)
(Hinton et al., 2015) remains uniquely attractive be-
cause it transfers a teacher’s predictive distribution,
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Figure 1: Calibrated teacher distributions expose infor-
mative uncertainty, facilitating more effective transfer
of dark knowledge during distillation.

Dark Knowledge

not just argmax labels, thereby capturing inter-class
structure, inductive biases, and task-dependent un-
certainty that smaller models would not infer from
hard labels alone (Huang et al., 2022; Moslemi
et al., 2024). Building on the perspective that cal-
ibrated teacher distributions can more faithfully
reflect relational structure among plausible classes
(Dong et al., 2024), our work aims to preserve
and selectively transfer this structure to support
students that generalize more reliably.

However, conventional supervised training of-
ten yields an over-confident teacher (Wei et al.,
2022; El Baida et al., 2025) whose probabilities
collapse onto a single class, suppressing precisely
the soft structure that makes KD effective. Post-
hoc temperature scaling, which adjusts prediction
sharpness with a global scalar after training, only
rescales logits and cannot recover information that
was never represented or was erased by overfit-
ting (Guo et al., 2017). Regularizers such as label
smoothing and confidence penalties may reduce
calibration error, yet they can also blur informative
class-wise geometry that students should imitate
(Miiller et al., 2019; Pereyra et al., 2017). Much
of the KD literature compensates on the student
side while keeping the teacher fixed, for example
via KL matching with a fixed temperature, inter-
mediate feature hints, or self-distillation (Zhang
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et al., 2019; Mobahi et al., 2020). These strategies
are valuable, but they neither prevent distribution
collapse in the teacher nor selectively filter teacher
errors during transfer, leaving performance on bor-
derline and long-tail examples especially fragile.

We take a distributional perspective on KD and
argue that two properties are jointly required for
strong downstream students. First, the feacher
should retain informative uncertainty, allocating
non-trivial probability mass to semantically related
alternatives where the task is intrinsically ambigu-
ous. Second, the transfer should be calibrated
so that the student imitates informative relations
while attenuating misleading teacher peaks that
arise from over-confidence or spurious correlations.
Intuitively, KD works best when the teacher be-
haves like a well-calibrated Bayesian posterior on
easy and hard inputs alike, and when the student
is encouraged to inherit that calibrated structure
rather than the teacher’s certainty alone. We de-
fine these characteristics in problem formulation
section.

This view aligns with the empirical regularities
observed across the modalities. In fine-grained clas-
sification and language understanding, soft targets
consistently improve sample efficiency by encod-
ing relative similarities between classes that hard
labels cannot convey. When the data distribution
shifts, students distilled from calibrated teachers
signal their own mistakes more reliably and main-
tain more stable confidence on near-OOD inputs.
This stability leads to improved selective prediction
and more favorable accuracy-rejection trade-offs
(Guo et al., 2017; Mishra et al., 2023). In resource-
constrained deployments, such as on-device assis-
tants (Chi et al., 2025) and retrieval-augmented
pipelines where latency budgets are tight (Jiang
et al., 2025), students that inherit calibrated un-
certainty achieve competitive accuracy while main-
taining predictable confidence estimates, a property
that downstream systems can exploit for routing,
abstention, and cost-aware ensembling.

Our study operationalizes this distributional
stance without relying on architectural tricks or
task-specific heuristics. We focus on why preserv-
ing and selectively transferring dark knowledge is
necessary and when it pays off, rather than on im-
plementation details. Empirically, we show that
students trained under this lens achieve higher ac-
curacy at fixed compute and improved robustness
on ambiguous and long-tail slices.

The results support the thesis that effective KD

should prioritize calibrated structure over sharp-
ened certainty, allowing the student to benefit
from richer relational signals while avoiding the
teacher’s overconfident mistakes.

2 Problem Formulation

2.1 Preliminaries and Limitations of
Conventional KD

Let X' be the input space and Y = {1,...,C}
the label set. A teacher model induces a predic-
tive distribution pr(- | #) € A®"! forx € X,
and a student model with parameters fg induces
ps(- | 2;05) € A®~L. Conventional knowledge
distillation (KD) trains the student to match the
teacher (optionally combined with ground-truth su-
pervision):

in Ec.p [Lxp(ps(- | 2;0s),p7(- | 2))] W
+ )\E(x7y)ND [ECE(pS( | .'L'), y)]?

where pr(- | x) denotes the calibrated teacher
target (usually just a temperature scaled version of
pr), and D is the labeled set. In practice, however,
maximum likelihood training often produces an
over confident pr, so that even such temperature
scaled targets can remain over sharpened, erasing
relational “dark knowledge” and amplifying erro-
neous peaks that are then propagated to pg.

2.2 Guiding Principles for Calibrated
Distillation

We posit that KD can be simultaneously robust and
informative when the following conditions hold.

C1: Difficulty-aware uncertainty. For ambigu-
ous or challenging inputs, the teacher should pre-
serve uncertainty corresponding to task difficulty
rather than collapsing probability mass onto a sin-
gle class. Concretely, the teacher should retain
non-trivial probability on semantically related al-
ternatives, thereby encoding relational cues that are
essential for generalization.

C2: Calibrated, selective imitation. The stu-
dent should not blindly replicate the teacher’s dis-
tribution. Instead, it should selectively imitate
the teacher’s informative relational structure while
suppressing spurious over-confident peaks arising
from teacher errors. This preserves the benefits of
the teacher’s nuanced knowledge without propagat-
ing its mistakes.
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2.3 Calibration as a Constraint-based
Reformulation

Motivated by the above requirements, we recast
the knowledge distillation problem as a teacher cal-
ibration problem: we seek a calibration operator
C such that, for each input z, the calibrated target
pr(- | ) = C(pr(- | ),z) is obtained by pro-
jecting the raw teacher distribution onto the set of
distributions that satisfy the following constraints
R1 and R2:

R1: Uncertainty with semantic support
(for difficulty-aware uncertainty). Maintain
difficulty-appropriate concentration and guarantee
mass over a stable neighborhood of semantically
related classes:

hmin(x> < H(ﬁT( ’ $)) < hmax(x)u
> bk | z) > ox).

keN (y;z)

Here H(-) is an uncertainty measure (e.g., en-
tropy), and N (y;z) is a semantics-preserving
neighborhood of the true label y (e.g., defined via
taxonomies, embeddings, or empirical confusion).

R2: Wrong-mass budget (for selective imitation).
Bound probability assigned to evidently incompati-
ble classes:

S btk @) < <o),

keW(z,y)

where W(z,y) denotes classes that carry over-
confident wrong mass for (z,y) (e.g., via rules,
weak labels, or high-confidence constraints).

2.4 Projection to Calibrated Targets

Among all distributions satisfying these constraints,
we select the one closest to the original teacher in
a structure-preserving sense:

pr € arg min Dist(qg, |
pr € arg min (¢, pr(- | 2)) o
st. RI,R2,

where Dist is a structure-sensitive divergence (e.g.,
symmetrized KL or Wasserstein). Coupled with
the training objective in (1), this projection empha-
sizes calibrated pairwise ratios and ordinal relations
rather than brittle peak sharpening. We prove in
Appendix A that the optimization problem in (2)
admits a unique global minimizer without spurious
local minima.

3 Calibrated Uncertainty Distillation

While Eq. (2) establishes the theoretical ideal for
target calibration, solving this constrained opti-
mization problem directly for every training sam-
ple is computationally intractable. To bridge this
gap, we propose Calibrated Uncertainty Distilla-
tion (CUD) designed to relax the reformulated con-
straints (R1, R2) in a practical and modular way.
Specifically, our practical modules, DUS and W-
Clip, efficiently approximate the optimal solution:
(1) DUS, which reshapes the teacher’s confidence to
counter overconfidence while retaining sharp pre-
dictions on easy cases, and (ii) W-Clip, which ad-
justs target distributions to suppress spurious peaks
without disturbing relational structure. Together,
these modules make the constraints operational and
yield calibrated soft targets that improve knowledge
transfer.

3.1 Difficulty-aware Uncertainty Shaping

DUS modifies the teacher distribution to provide
uncertainty where it is most useful. The key idea is
to increase entropy selectively: ambiguous or mis-
classified inputs are encouraged to carry higher
uncertainty, while confident and correct predic-
tions remain sharp. Concretely, we aim to raise
entropy only when the teacher is uncertain or
wrong—satisfying the lower bound A, (z)—and
avoid unnecessary blurring on confident, correct
cases to respect the upper bound Ay ax () and main-
tain class geometry.

Let pp(- | x) be the teacher distribution and
p% = pr(y | z) for ground-truth y. We fine-
tune the teacher with a focal-entropy objective
that down-weights trivial cases and rewards non-
degenerate uncertainty on hard or mispredicted in-
puts:

Lieacher = )\CE( - logp?p)
+ Ap( = ay(1—pY) T logph)  (3)
— Agw(z) H(pT(- | :U)),

where o, € (0,1], v > 0, and H(-) denotes en-
tropy. The difficulty gate

w(z) =Uph<th+p(1l-p4)° @

activates entropy shaping only when the teacher is
wrong or low-confidence. The focal factor (1 —
p¥)7 reduces gradients on trivially correct exam-
ples (p}. ~ 1) and emphasizes hard/mispredicted
ones (p4 small); combined with the gated en-
tropy reward w(z) H(-), this selectively increases
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Figure 2: Illustration of the main framework. Left: Difficulty-aware Uncertainty Shaping (DUS) adjusts weights
based on the correctness of the model’s predictions, reducing overconfidence and encouraging a more calibrated
probability distribution. Right: Wrong-mass Clipping (W-Clip) modifies the probability assigned to incorrect classes
when the model makes a wrong prediction, providing a more stable and reliable distribution for the student.

entropy where it improves distillation (meeting
H (p7) > hmin(z)) while leaving easy cases sharp
(implicitly respecting hp,ax(z)) without resorting
to global label smoothing.

3.2 W-Clip: Wrong-mass Clipping

W-Clip calibrates the transfer by reallocating prob-
ability mass from over-confidently wrong predic-
tions. Instead of reshaping the full distribution, W-
Clip applies a budgeted correction that suppresses
an overconfident top-1 error when it outranks the
ground truth. Formally, we approximate the wrong-
mass constraint » 5y, ) Pr(k | ) < e(x) by
suppressing only the wrong top-1 class under a
small, controllable budget.

Let k* = argmaxy pr(k | ) and suppose k* #
y. We define two gated amounts

5budget(l‘) = in(k* ‘ x)u )
5margin(-r) £ m (pT(k* | :U) —pT(l/ | CL‘)), (6)
where 77 € (0, 1) caps the total removable mass (the
wrong-mass budget) and m € (0, 1] scales suppres-

sion with the teacher’s over-confidence margin. We
then set

6(-%') = min{(sbudget (l‘), 5margin(x)}> )

priv o) =prly [ 0) 430,
pr(k* | z) ZPT(k* | ) —6(x),
prk|z)=pr(k|x), forkée{y,k*}. (9)

If k¥ = y, we simply take pr = pp. The bud-
get term (5) directly implements the constraint that

Margin M (z) Banking77 CLINC150 MASSIVE
< 0.05 0.056 0.055 0.066
0.05-0.15 0.256 0.289 0.246
0.15-0.30 0.428 0.374 0.392
0.30-0.50 0.493 0.480 0.478
> 0.50 0.500 0.500 0.500

Table 1: Relative clipping ratio stratified by over-
confidence margin. The reported value is 6 (x) /pr (k* |
x), with M(x) = pr(k* | =) — pr(y | z). Near-
neighbour errors are barely touched; the budget n = 0.5
is reached only for confidently wrong predictions.

only a limited fraction of wrong-class mass can re-
main, while the margin term (6) focuses corrections
on strongly over-confident mistakes. The amount
removed therefore scales with the over-confidence
margin pr(k* | ) — pr(y | z), up to the cap
npr(k* | ): when the wrong top-1 is a semantic
neighbour of the ground truth it receives similar
probability to it, so little mass is removed. Ta-
ble 1 shows that over 93% of the mass is preserved
at margins below 0.05, while 7 is reached only
when the teacher places a wrong class far above
the ground truth. Keeping all non-involved classes
unchanged preserves pairwise odds (dark knowl-
edge), so the student inherits informative relations
without propagating the teacher’s spurious peak.

3.3 Student Distillation with Calibrated
Targets

Given the calibrated targets pr (- | ), the student
minimizes a temperatured KL (plus optional CE on
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labeled data):

min E, [AKD 2RLGD | 2) | p0 | 2 95))}

+ Ace By [ —logps(y | )],  (10)
where ¢(7) = softmax(log ¢/7) and 7 > 0. This
transfers the calibrated structure rather than brittle
peaks; unlabeled examples contribute only the KD
term, supporting semi-supervised settings. In this
case W-Clip is naturally bypassed—since detecting
a wrong top-1 requires a ground-truth label—and
the student learns directly from the DUS-shaped
teacher distribution.

3.4 Operational Realization of Constraints

In Section 2, we formulated target calibration as a
constrained projection problem. Here, we connect
our practical modules to this framework by relax-
ing the abstract sets N (y; z) and W (z,y) for the
constraints R1 and R2.

Operationalizing Constraint Sets. To render the
projection tractable, we instantiate these sets based
on the principal modes of teacher failure:

1. Operational Wrong-Mass Set (1/,,,): We de-
fine Wop,(z,y) = {k*} strictly when the top-1 pre-
diction £* outranks the ground truth (k* # y), and
() otherwise. This definition targets the dominant
source of over-confident wrong mass identified in
R2.

2. Operational Neighborhood Set (N,,):
Rather than explicitly defining a semantic neighbor-
hood, we operationalize R1 implicitly. Maximizing
entropy via DUS widens the distribution, satisfy-
ing the neighborhood mass requirement without
pre-defined similarity graph.

Approximating the Optimal Projection. As
proven in Appendix A, the optimal solution ¢* to
the constrained projection is an exponential tilting
of the teacher distribution. However, computing
the partition function for this tilt is computationally
expensive. We demonstrate in Appendix A.3 that
W-Clip constitutes a first-order Taylor approxima-
tion of this exponential tilt around v = 0. Specifi-
cally, the linear subtraction in W-Clip recovers the
analytical solution (e™” ~ 1 — v) for conservative
corrections. Similarly, DUS acts as a regularizer
that pre-conditions the teacher to satisfy the entropy
bounds of R1. Thus, CUD replaces the intractable
iterative projection with efficient O(1) arithmetic
operations grounded in information geometry.

4 Experimental Results

4.1 Training Setup

Models & Protocol. We structure evaluation
in two parts. (Teacher-side) We first train
a standard teacher—bert-base-uncased (De-
vlin et al., 2019) (12 layers, 768 hidden)—and
compare its performance against our distillation-
friendly teacher (DUS) under the same data splits.
(Student-side) We then distill from the trained
teacher and compare students across KD methods,
using two capacity variants to probe different archi-
tectural gaps: Mini (4 layers, 256 hidden), which
changes both depth and width so feature-based dis-
tillation is inapplicable, and Small (6 layers, 768
hidden), which preserves hidden size and thus ad-
mits feature-KD baselines; our method uses cali-
brated response targets in both cases. All results
are reported as the mean and variance computed
over three independent runs.

Hyperparameters & Rationale. While our
method introduces several hyperparameters, most
show low sensitivity; we tuned them once on the
Banking dataset and used the same global values
for all tasks, avoiding per-dataset hyperparameter
engineering (see Appendix B). The key distillation
parameters include the entropy reward Ay = 0.1,
the focal parameters v = 10 and oy = 1, and
the W-Clip budget n = 0.5 and margin scaling
m = 0.7. For the difficulty gate in Eq. (4), we set
the confidence threshold 7 = 0.7, the continuous
scaling factor p = 1.0, and the difficulty expo-
nent 5 = 1.0, and together these values behave
such that smaller settings recover a standard dis-
tillation baseline, while larger settings amplify the
inductive bias of our approach. In addition, several
minor scalar ratios Axp and A\cg balance the cross-
entropy and KD objectives. All experiments use
AdamW with batch size 32, maximum sequence
length 128, weight decay 0.01, gradient clipping at
1.0, and 10% linear warmup with cosine decay.

Benchmarks & Evaluation. We evaluate our
method on five classification datasets spanning a
wide range of label granularities, from 4 to 150
classes: Banking77 (77 intents) (Casanueva et al.,
2020), CLINC150 (150 intents) (Larson et al.,
2019), MASSIVE (60 intents) (FitzGerald et al.,
2023), TREC (6 question types) (Li and Roth,
2002), and AG News (4 topic categories) (Zhang
et al., 2015). Detailed dataset descriptions are pro-
vided in the Appendix C. Additional results on
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binary classification settings are also included in
the Appendix D for completeness.

Baselines. We compare against representative
KD methods, summarized by their characteristics:

1. LKD (Logit-KD) (Hinton et al., 2015):
Response-based KL matching on teacher soft
logits (with temperature). Simple and task-
agnostic but ignores intermediate structure.

2. PKD (Patient KD) (Sun et al., 2019): Layer-
wise alignment of hidden representations. Ex-
ploits intermediate features and depth supervi-
sion; effective when student width/layers can
be mapped to the teacher, less suited to severe
architectural mismatch.

3. TinyBERT (Jiao et al., 2020): Distills both
self-attention and hidden states, originally
with two-stage training and data augmenta-
tion. Achieves high compression quality via
rich feature-level objectives; in our setup, we
disable augmentation for a fair task-specific
comparison.

4. CKD (Contextual KD) (Park et al., 2021):
Transfers relational knowledge by modeling
two forms of contextual structure: Word Rela-
tion between tokens, and Layer Transform-
ing Relation across layers. Architecture-
agnostic and effective for heterogeneous
teacher—student pairs.

5. MGSKD (Multi-Granularity Structural
KD) (Liu et al., 2022): Distills structural
relations over multiple semantic granulari-
ties (tokens, spans, samples), formulated via
pair-wise interactions and triplet geometric an-
gles. Preserves richer linguistic structure than
mono-granularity KD, at the cost of higher
relational computation.

6. AD-KD (Wu et al., 2023): Response-based
distillation with confidence/uncertainty-aware
reweighting or calibration. Mitigates propa-
gation of over-confident teacher errors while
keeping architecture independence and low
overhead.

4.2 Main results

Table 2 reports both teacher side and student side
performance. Across both student capacities, CUD
outperforms prior baselines on average.

Effect of student capacity. For the larger stu-
dent (6L 768D), several baselines already achieve
accuracy comparable to the teacher (teacher aver-
age 94.32). In this regime, CUD still attains the
best average student performance (94.33), improv-
ing over LKD by about +1.17 point on average
(94.33 versus 93.16). For the smaller student (4L
256D), the dimensionality gap to the teacher makes
representation—level matching difficult or even in-
feasible, so performance is largely determined by
the quality of the response targets. In this regime,
CUD substantially outperforms other baselines by
a larger margin.

Effect of cardinality. CUD yields much larger
gains, especially on tasks with many classes such
as Banking77, CLINC150, MASSIVE, where it
improves over LKD by +10.43, 4+5.14, and +5.22
points respectively. This pattern matches our intu-
ition: on tasks with many classes, the calibrated
targets keep meaningful probability on several plau-
sible labels while suppressing the dominant wrong
peak, so the student can imitate a richer set of alter-
natives. In contrast, when the number of classes is
small, for example (AGNews, TREC), the teacher
distribution is already almost deterministic and of-
fers little additional structure to recover. For ex-
tremely small numbers of classes (binary), this ef-
fect becomes stronger; suppressing a wrong peak
acts like mild logit re-tempering and adds little
information beyond standard smoothing or temper-
ature scaling. Detailed analysis is provided in the
Appendix D.

Comparison with teacher-side methods. Be-
cause our contribution lies in how the teacher is
prepared rather than in the student objective, we
compare against other interventions on the teacher
distribution: post-hoc rescaling (temperature and
vector scaling), regularized training (label smooth-
ing, Mixup), and the MSE teacher of Hamidi et al.
(2024), all under an identical teacher—student archi-
tecture. Table 3 shows a clear ordering. A single
global temperature or a fixed smoothing coefficient
gains almost nothing over the standard teacher, as
the same transformation applied to every sample
leaves the teacher’s confidence structure intact; per-
class parameters and teacher retraining gain several
points. CUD is best throughout, and what sep-
arates it from these stronger baselines is that its
adjustment is chosen per sample rather than fixed
in advance.
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Dataset |  Banking77 CLINC150 TREC AGNews Massive |  Avg
FT Teacher \ 93.70 96.35 97.40 94.69 89.47 \ 94.32
Student (6L.-768D)

TinyBERTT 89.47 +os0 88.43 +0.06 96.13 +o.12 94.18 +o.15 88.84 +0.40 91.41
MGSKD' 91.58 +0.04 95.42 +0.05 87.60 +0.20 94.64 +o.15 88.56 +032 91.56
PKD 89.87 +o0.15 95.09 +o0.17 96.40 +0.20 94.54 +o0.24 88.17 +0.20 92.81
LKD 93.03 +o.11 93.51 +o044 96.07 +o0.23 94.23 +0.29 88.94 +o021 93.16
AD-KD 92.66 +0.45 95.42 +037 96.00 +035 94.57 +0.31 89.30 +0.28 93.59
CKD 93.54 +o.24 95.93 +o17 97.53 +o.46 94.72 +o.15 89.30 +o0.25 94.20
CUD (Ours) 93.83 +0.06 96.07 +o.14 97.40 +035 94.91 +o.12 89.44 +0.06 94.33
Student (4L.-256D)

LKD 80.79 +044 88.31 +0.05 95.80 +0.00 94.28 +0.04 82.00 +0.04 88.24
AD-KD 82.22 +0.57 91.35 +o.08 95.06 +o.12 94.03 +o.05 84.17 +o047 89.37
PKD 86.60 +0.39 93.27 +o.15 95.80 +053 94.37 +o0.13 87.23 +0.07 91.45
CKD 89.86 +o0.19 91.70 +o.15 95.40 +o035 94.24 +o.09 86.60 +0.22 91.56
CUD (Ours) 91.22 +o.02 93.45 +o0.05 96.47 +0.23 94.11 +0.27 87.22 +0.07 92.49

T Methods are trained with distillation already at the pretraining stage; we fine-tune publicly available checkpoints.

Table 2: Main experimental results. Accuracy on five classification benchmarks for two student sizes (4L-256D
and 6L-768D) distilled from a fine-tuned teacher. The best performance is highlighted in bold, and the second-best is
underlined. Our proposed CUD attains the best average accuracy for both student sizes, with especially pronounced
gains on high-cardinality tasks and for the smaller student, highlighting its effectiveness under challenging transfer

regimes.
Method Banking77 CLINC150 MASSIVE Avg
LKD 80.79 88.31 82.00 83.70
Temp. scaling 80.61 88.35 82.04 83.67
Label smoothing 81.29 86.88 82.19 83.45
Vector scaling 87.21 93.33 86.97 89.17
Mixup 87.91 92.87 87.06 89.28
MSE teacher 88.21 93.20 86.67 89.36
CUD (Ours) 91.22 93.45 87.22 90.63

Table 3: Comparison with teacher-side methods. All
rows distil into the same 4L.-256D student and differ
only in how the teacher’s distribution is produced; LKD
uses the standard fine-tuned teacher. Only CUD varies
the adjustment with each sample’s difficulty.

4.3 Uncertainty and OOD Robustness

Our approach shapes predictive uncertainty for
transfer, which also provides more reliable con-
fidence estimates and stronger performance on Out-
of-Distribution (OOD) detection.

OOD Detection We follow a standard OOD
detection protocol: the teacher and student are
trained on BANKING77 (in-distribution - IND),
and we treat CLINC150, MASSIVE, and other
intent datasets with different domains and label
spaces as OOD. We compute AUROC, FPR95, and
FPRO0 to quantify how well IND and OOD sam-
ples are separated. As shown in Table 4, CUD
achieves the highest AUROC and the lowest FPR
across all OOD benchmarks. The gains are partic-

ularly large on heterogeneous OOD datasets such
as CLINC150 and MASSIVE, indicating that the
uncertainty shaped by DUS transfers to stronger
OOD rejection.

Uncertainty Estimation To evaluate how well
each model estimates uncertainty, we compute Ex-
pected Calibration Error (ECE) and Brier score on
the test set of each dataset. CUD achieves markedly
lower calibration errors on wrong predictions(while
overall ECE is higher due to underconfident shift)
and superior correctness AUROC (0.92 vs. 0.83 for
LKD), indicating that the improvement lies in how
predictions are ranked rather than in the absolute
scale of confidence. Detailed analysis, including
ECE/Brier scores (Table 10 and Table 12) and relia-
bility curves (Figure 3), is provided in Appendix E.

S Analysis
5.1 Ablation Study

Table 5 reports ablations of our main modules
(DUS and W-Clip) in the 4L.-256D student. While
both components improve over LKD on average,
and the gains grow with label cardinality as noted
in the main results, the detailed breakdown further
reveals when and why they matter.

Closing the teacher—student gap. Relative to
the fine-tuned teacher, LKD leaves substantial head-
room: —12.91 points on Banking77 (80.79 vs.
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Task Method AUROC FPR95 FPRY0
TinyBERT 7906 7004 5455
CKD 9221 3897  22.53
CLINCISO — \py kp 9391 3008 1331
CUD (Ours) 94.52 2424 1277
TinyBERT 8234  61.80  42.60
CKD 9518 3140  15.00
TREC AD-KD 9730 1920  7.20
CUD (Ours) 9745 1660  8.60
TinyBERT 8528 5847  41.93
CKD 9566 2750  11.86
AGNews 1 kD 98.41 898  2.02
CUD (Ours) 99.07 453 156
TinyBERT 8039  68.63  53.17
CKD 9374 3745  19.37
MASSIVE b kD 9580 2959  10.99
CUD (Ours) 9679 2012  8.90

Table 4: Cross-dataset OOD detection performance
across student KD methods. All teacher and student
models are trained on Banking77; each row reports
AUROC, FPR95, and FPR90 based on the student’s
maximum softmax probability.

Dataset LKD LKD+DUS LKD+W-Clip CUD(Ours)
Banking77 80.79 90.62 89.25 91.22
CLINC150 88.31 93.24 93.02 93.45
TREC 95.80 96.40 95.40 96.47
AGNews  94.28 94.17 94.28 94.11
MASSIVE 82.00 86.76 86.37 87.22
Avg 88.24 92.24 91.66 92.49
Avg A — +4.00 +3.42 +4.25

Table 5: Ablation of our model on multiclass bench-
marks. Performance of a 4-layer, 256-dim student un-
der different distillation variants. Both DUS and W-
Clip improve upon LKD, and their combination (CUD)
yields the strongest gains.

93.70), —8.04 on CLINC150 (88.31 vs. 96.35), and
—7.47 on MASSIVE (82.00 vs. 89.47).CUD closes
81%, 64%, and 70% of these gaps respectively,
demonstrating that calibrated uncertainty specif-
ically helps students recover performance where
naive KD collapses.

Relative impact of modules. DUS alone out-
performs W-Clip in average accuracy (92.24 vs.
91.66), showing that reshaping the teacher distri-
bution is more fundamental than just reweighting
samples. W-Clip is beneficial in high-class regimes
(e.g., +8.46 on Banking77 and +4.37 on MAS-
SIVE vs. LKD), but can over-emphasize noise
in easier tasks. The full CUD system balances
both: projection (R2) prevents over-amplification

Dataset Accuracy ECErong Brieryrong

Banking77
CLINC150
TREC
AGNews
MASSIVE

93.70 — 92.43
96.35 — 94.93
97.40 — 97.00
94.69 — 94.72
89.47 — 89.47

0.817 — 0.546
0.790 — 0.619
0.933 — 0.924
0.801 — 0.504
0.813 — 0.623

1.654 — 1.173
1.601 — 1.275
1.790 — 1.751
1.406 — 0.743
1.641 — 1.269

Table 6: Effect of DUS on the teacher. Each cell
reports the standard fine-tuned teacher followed by the
DUS teacher. Accuracy changes by at most 1.4 points,
while calibration error on the teacher’s own mistakes
drops substantially on four of five datasets. TREC is
the exception: at 97.40 accuracy, errors are rare and the
distribution is already near-deterministic.

of wrong peaks while clipped weighting empha-
sizes informative errors, producing the most stable
and highest average (92.49, A+4.25).

Teacher calibration. In our setup, the DUS-
trained teacher attains slightly lower accuracy than
a standard fine-tuned teacher, yet students distilled
from it outperform those distilled from the standard
teacher. This holds not only for our CUD objective
but also for other KD baselines when we simply re-
place their original teacher with ours (teacher side
ablations in Tab. 14).

Table 6 shows what changes. Accuracy moves
by at most 1.4 points and is essentially unchanged
on MASSIVE and AGNews, while calibration error
computed over the teacher’s own mistakes falls
substantially on four of five datasets. The teacher
does not become more accurate; it becomes less
confident, and most sharply so where it is wrong,
which is the signal a student can use.

Behavior on binary classification tasks. CUD
is most effective when the teacher distribution con-
tains rich multi-class structure with informative rel-
ative probabilities. In binary or near-binary tasks,
however, the teacher’s output collapses to a one-
dimensional form (p,1 — p), inherently limiting
the amount of dark knowledge available for redis-
tribution. Empirical results on QNLI and SST-2
(Appendix D) confirm this analysis: compared to
high-cardinality settings, the gains from CUD are
substantially smaller and sometimes comparable to
LKD.

5.2 Transfer to Large Language Models

To examine whether CUD transfers to mod-
ern LLM regimes, we extend our evalua-
tion to high-capacity decoder-only models us-
ing Llama-3.1-8B-Instruct as a teacher for a
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Benchmark | Teacher | Student LKD Ours

(8B-inst) | (1B-inst) (Baseline) (Full)
MMLU 68.02 46.00 47.09 47.24
CSQA 77.31 54.95 55.20 58.56
HellaSwag 79.18 60.78 61.78 61.91
Truthful QA 54.04 43.77 44.85 45.62
Avg \ 69.64 \ 51.38 52.23 53.33

Table 7: Scalability results on knowledge distilla-
tion from Llama-3.1-8B-Instruct to Llama-3.2-1B-
Instruct, evaluated on multiple-choice benchmarks via
the Im-eval harness. CUD consistently outperforms
the standard LKD baseline across all tasks.

Llama-3.2-1B-Instruct student. As shown in
Table 7, CUD consistently outperforms the stan-
dard LKD baseline, achieving a higher average
accuracy of 53.33% (vs. 52.23% for LKD).

We mitigate the complexity of the vast ~128K
vocabulary by applying CUD exclusively to can-
didate answer tokens, thereby restricting the cali-
bration to a task-relevant subset. This ensures our
mechanism remains computationally efficient and
strictly aligned with the log-likelihood-based scor-
ing protocol. Such alignment provides initial evi-
dence that CUD extends to decoder-only LLMs in
the multiple-choice log-likelihood setting; further
details are provided in Appendix F.

6 Related Work

Knowledge distillation (KD) fundamentally relies
on transferring the “knowledge” encoded in soft
targets (Hinton et al., 2015), yet standard teachers
often exhibit overconfidence that degrades this sig-
nal. While calibration techniques (Guo et al., 2017)
and regularizers like label smoothing (Miiller et al.,
2019) or confidence penalties (Pereyra et al., 2017)
address predictive sharpness, they risk indiscrimi-
nately blurring the fine-grained inter-class geome-
try essential for effective transfer. Self- and born-
again variants (Mobahi et al., 2020; Zhang et al.,
2019) improve students without an external teacher,
but do not explicitly preserve difficulty-aware un-
certainty or prevent wrong-peak propagation. Fur-
thermore, prior attempts to optimize teachers for
distillation (Menon et al., 2021; Dong et al., 2024)
or align intermediate features (Sun et al., 2019;
Jiao et al., 2020) often lack difficulty-awareness
or impose strict architectural constraints: feature
alignment requires the student’s width and depth to
be mappable to the teacher, which fails when both
are reduced. Orthogonally, focal loss (Lin et al.,
2017) down-weights trivially correct examples and

emphasizes hard ones.

In contrast, our approach targets the dis-
tributional shape of the transfer and remains
architecture-agnostic; we jointly optimize the
teacher to maintain difficulty-aware uncertainty
through selective entropy shaping (DUS) and ap-
ply a constrained projection (W-Clip) to suppress
specific wrong-class peaks without distorting the
informative pairwise relations among background
classes.

Recent work by Hamidi et al. (2024) also refor-
mulates teacher training to better align predictions
with the latent data distribution. While sharing the
goal of optimizing teachers, our approach specifi-
cally targets informational calibration rather than
distributional matching; we couple a focal term
with a gated entropy reward to build a distillation-
friendly teacher that increases uncertainty only
where it is epistemic, unlike global smoothing or
pure accuracy-driven shaping.

For an extended review of related literature,
please refer to the Appendix L.

7 Conclusion

We presented CUD, a simple architecture-agnostic
dual distillation mechanism that reshapes the
teacher to retain difficulty-aware uncertainty and
suppress over-confident mistakes while preserv-
ing informative class relations. Empirically, CUD
outperforms strong baselines, with gains scaling
with class cardinality and concentrated in high-
cardinality settings. These results suggest that ef-
fective distillation depends not only on how knowl-
edge is transferred, but also on what distributional
structure the teacher provides.

Limitations

Our work has several limitations. First, we eval-
uate only single-label classification on standard
benchmarks; multi-label tasks, distribution shift,
and resource-limited scenarios remain open. Sec-
ond, our projection rules use fixed hyperparam-
eters (entropy weights, wrong-mass budget) that
may not adapt optimally across domains or dy-
namic training conditions. Third, the benefits of
calibrated uncertainty are reduced on binary or very
small-class problems, where the teacher’s uncer-
tainty structure becomes nearly one-dimensional
and suppressing a wrong peak is almost equivalent
to mild logit re-tempering. Lastly, we do not ad-
dress open-ended generation. We observe gains on
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decoder-only models under log-likelihood scoring
over a fixed candidate set, but W-Clip assumes that
a wrong top-1 class can be identified, whereas at
each decoding step several continuations are accept-
able and a token differing from the reference is not
necessarily an error. These limitations suggest di-
rections for future work: adaptive per-example cal-
ibration, integration with semantic neighborhoods
or taxonomies, and extending DUS to open-ended
generation.
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A Theoretical Analysis of the
Constrained Projection

In this appendix, we provide the rigorous math-
ematical justification for the projection problem
defined in Section 2, addressing the existence and
uniqueness of the solution and deriving the connec-
tion between the optimal solution and our proposed
modules.

A.1 Existence and Uniqueness of the Solution

R1 comprises two conditions of different charac-
ter: an entropy bound, which is not linear in ¢, and
a lower bound on the mass over N (y; x), which
is. CUD handles them in two stages. The entropy
bound is imposed during teacher training as a soft
constraint through the focal-entropy objective of
Eq. (3), so no projection onto an entropy level set
is ever computed; the projection of Eq. (2) is then
applied to the remaining linear constraints, namely
the neighbourhood lower bound and R2. The anal-
ysis below concerns that projection.

Theorem 1 (Uniqueness of Projection). Let Q be
the set of valid probability distributions on the
simplex AKX, The feasible set C = {q € Q |
DokeN Tk = QO D opcy Gk < €} is defined by the
intersection of linear half-spaces and the probabil-
ity simplex, making C a convex polytope. Since the
objective function f(q) = Dk (q||lpr) is strictly
convex with respect to q (for q,pr > 0), and the
feasible set C is convex and compact, standard
convex optimization theory guarantees that if C is

non-empty, there exists a unique global minimizer
*

q.

The above guarantees that our target calibration
objective does not suffer from instability due to
multiple local minima.

A.2 KKT Analysis and Exponential Tilting

To characterize the solution, we formulate the La-
grangian L. Both linear constraints can be written
generally as ), . ¢ qx < C. Introducing Lagrange
multipliers p for the neighbourhood lower bound
and v for the wrong-mass upper-bound constraint
(R2), the KKT stationarity condition yields:

oL
— =logqr —logpr(k) +1

Oqx
OConstraints
+ Ai——————— =10
250

1D

Solving for g, we obtain the closed-form solution:

4 = pr(k)exp (u-I(k € N) v -1k € W)
(12)
where Z is the normalization constant. This con-
firms that the optimal projection is an exponential
tilting of the teacher distribution, scaling the prob-
abilities in the constrained sets N and W while
preserving the relative ratios of probabilities for
unconstrained classes (the “dark knowledge”).

A.3 W-Clip as a First-Order Approximation

We now show that the W-Clip operation approx-
imates the optimal solution derived in Eq. (12).
Consider the case where the wrong-mass constraint
is active for the top-1 class k*, i.e., W = {k*}.
The optimal update requires scaling pr(k*) by a
factor e™".

The budget in Eq. (5) caps the tilt at v =
0(z)/pr(k* | ) < m, so the expansion is only
ever evaluated on v € (0,n]. Performing a first-
order Taylor expansion around v = 0:

e V~1l—-v (13)

Substituting this into the update rule:

Q- & %pT(k:*)(l —v) =~ pr(k*) — vpr(k*)

(14)
This linear subtraction form is functionally equiv-
alent to the W-Clip operation defined in Eq. (8),
where the clipped mass d(z) corresponds to the
term vpr(k*). Thus, W-Clip provides a computa-
tionally efficient, first-order approximation to the
theoretically optimal exponential projection, avoid-
ing the need for iterative solvers during the training
loop.

Over this range the linear factor (1 — /) departs
from e~ by at most 17.6% in relative terms, and
by only 0.2% in the small-margin regime where the
wrong top-1 is a semantic neighbour of the ground
truth (cf. Table 1).

Proposition 1 (Budgeted suppression). Let k* # y
and let pr be given by Egs. (5)—(8) withn € (0,1).
Then

(A=) pr(k" [ z) < pr(k"[z) < pr(k”"| ).

The upper bound says that mass on the wrong
top-1 always decreases, in the direction R2 intends,
with stronger suppression the more confidently the
teacher places the wrong class above the ground
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Hyperparameter Value Accuracy
An 0.1 91.22
0.2 91.16
0.3 91.04
0.4 91.13
m 0.1 91.21
0.3 91.22
0.5 91.22
0.7 91.23
0.9 91.22
n 0.1 91.19
0.3 91.22
0.5 91.23
0.7 91.22
0.9 91.24
AKD/ACE 0.2/0.8 90.73
0.4/0.6 91.04
0.6/0.4 91.21
0.8/0.2 91.22

Table 8: Hyperparameter sensitivity results. Bold
values indicate the configuration used in the main exper-
iments.

truth. The lower bound says that the removal is
capped at 7, so the wrong peak is never erased
entirely and at least a (1 — 7)) fraction is retained.

B Hyperparameter Sensitivity Analysis

To better understand the robustness of our hyper-
parameter choices, we conduct a sensitivity study
across four key parameters. Bold values in each
table correspond to the settings used for our main
experimental results. As shown, CUD exhibits low
sensitivity across a broad range of configurations,
further justifying our decision to perform minimal
per-dataset tuning.

C Detailed Benchmark Description

We evaluate our method on the following bench-
mark datasets:

Banking77 (77 classes, Customer Support, Intent
Classification). A fine-grained intent dataset for
banking-related customer queries (Casanueva et al.,
2020).

CLINC150 (150 classes, Open-domain, Intent
Classification). A wide-coverage natural language

intent dataset spanning 150 intent classes across
multiple domains (Larson et al., 2019).

MASSIVE (60 classes, Multilingual SLU, Intent
Classification). A multilingual dataset for spoken
language understanding; we use the English subset
unless otherwise stated (FitzGerald et al., 2023).

TREC (6 classes, Question Answering, Question
Type Classification). A benchmark dataset with
coarse-grained question type labels for factoid QA
tasks (Li and Roth, 2002).

AG News (4 classes, News, Topic Classification).
A news article classification dataset with four broad
topical categories (Zhang et al., 2015).

We provide here a metadata summary of all
benchmark datasets used in our experiments. This
section outlines class cardinalities, domains, and
task types, offering additional context for the diver-
sity of evaluation settings.

D On Binary Classification

Method QNLI SST-2
FT Teacher 90.66 90.82
LKD 89.09 90.71
PKD 89.65 90.82
TinyBERT' 90.50 91.60
AD-KD 89.84 91.62
CUD (Ours) 89.23 91.28

Table 9: Binary-task comparison on QNLI and SST-2
with a 6-layer, 768-dim student. T Methods are trained
with distillation already at the pretraining stage; we fine-
tune publicly available checkpoints.

As discussed in the main text, calibrated un-
certainty distillation is most effective when the
teacher distribution contains rich multi-class struc-
ture, which provides informative relative probabili-
ties over many plausible alternatives. In contrast,
for binary or near-binary tasks, the teacher’s out-
put reduces to a one-dimensional distribution of
the form (p, 1 — p), limiting the amount of dark
knowledge available for transfer.

To verify this empirically, we report results on
two standard binary GLUE tasks, QNLI and SST-
2. Table 9 compares CUD against representative
KD baselines on two binary GLUE tasks. Consis-
tent with our analysis, the gains from calibrated
uncertainty are substantially smaller than on high-
cardinality tasks (e.g., Banking77 or CLINC150).
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In some cases, the performance is nearly identical
to LKD, reflecting that in the binary case there are
no other classes across which to preserve relative
structure, so suppressing a wrong peak provides
little information beyond the hard label.

Overall, these findings reinforce a key property
of calibrated uncertainty distillation: its advantages
grow with class cardinality and class ambiguity. In
binary tasks—where the teacher’s uncertainty struc-
ture collapses to a single degree of freedom—the
potential benefit of redistributing probability mass
is inherently limited. Nevertheless, our method
remains competitive and does not degrade accu-
racy, indicating that CUD is a safe replacement for
conventional KD even in low-cardinality settings.

E Additional Results on Uncertainty

Quantification
Task Method ECE Brier
TinyBERT 0076  0.203
. CKD 0047  0.159
Banking77 1y kD 0.039  0.112
CUD (Ours) 0359 0237
TinyBERT 0066  0.203
CKD 0028  0.067
CLINCISO b kD 0.021  0.068
CUD (Ours) 0394 0228
TinyBERT 0.013  0.061
CKD 0023  0.048
TREC AD-KD 0021  0.047
CUD (Ours)  0.182  0.099
TinyBERT 0.009  0.095
CKD 0.047  0.099
AGNews b kD 0.027  0.086
CUD (Ours)  0.061  0.095
TinyBERT 0.059  0.188
CKD 0080  0.223
MASSIVE -\ p.kD 0074  0.182
CUD (Ours) 0.101 0.176

Table 10: ECE and Brier calibration performance across
tasks. Lower values indicate better calibration.

In this section, we provide a more granular anal-
ysis of the uncertainty estimates, specifically focus-
ing on the behavioral shifts and practical implica-
tions for selective prediction.

Dataset Teacher Acc ECE Brier ECE.ong Brieryrong

Banking77 FT 9370 0.045 0.120 03817 1.654
ing77 pus 9243 0.172 0.170  0.546 1173

FT 9635 0.025 0.065 0790 1.601
CLINCIS0 hyg 94093 0049 0.065  0.619 1.275
TREC FT 97.40 0.035 0.067 0933 1.790
DUS  97.00 0.031 0070  0.924 1751

AGN FT 0469 0.024 0.114 0801 1.406
WS pus 9472 0219 0218  0.504 0.743

FT 89.47 0075 0.186 03813 1.641

MASSIVE hys 8947 0070 0.193  0.623 1.269

Table 11: Full teacher calibration results. FT is the
standard fine-tuned teacher, DUS the teacher trained
with our objective. Overall ECE increases on some
datasets, most visibly on AGNews: DUS lowers confi-
dence across the board, producing the controlled under-
confident shift discussed above. Calibration error re-
stricted to the teacher’s own mistakes improves on every
dataset.

E.1 Calibration Quality and Behavioral Shifts

To evaluate how well each model signals its own
mistakes, we report ECEyong and Briery ong in
Table 12, computed strictly over incorrect predic-
tions. CUD achieves markedly lower values on
four of five datasets. This indicates that the student
inherits the ability to assign lower confidence when
it is incorrect, successfully mitigating the inherent
overconfidence issue; we verify the corresponding
behavior on the teacher itself below.

Furthermore, across all datasets, DUS reduces
overconfident predictions by reshaping the teacher
distribution, leading to a controlled underconfident
shift. Although this can technically increase over-
all ECE in cases where confidence is lower than
accuracy, we emphasize that this behavior is inher-
ently safer than overconfidence. This shift yields
more reliable uncertainty estimates for downstream
OQD detection and risk-sensitive settings, where
failing to signal a mistake is more costly than being
cautious.

Table 11 reports these metrics for the teacher
itself. The same pattern holds one level up: overall
ECE rises while calibration error over the teacher’s
own mistakes falls on every dataset, with the small-
est change on TREC, whose teacher errs on only
2.6% of test examples.

E.2 Correctness Separation and Selective
Prediction

Beyond point-wise calibration, we assess whether
the generated confidence scores can effectively sep-
arate correct from incorrect predictions.
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Figure 3: Effect of DUS on predictive calibration. Across datasets, DUS reduces overconfident predictions by
reshaping the teacher distribution, leading to a controlled underconfident shift. Although this increases ECE due
to lower confidence than accuracy, the behavior is safer than overconfidence and yields more reliable uncertainty
estimates for downstream OOD detection and risk-sensitive settings.

ROC Analysis. As shown in Figure 4a, the ROC
curves (where the label equals prediction correct-
ness) on BANKING77 reveal a visibly steeper rise
in the low False Positive Rate (FPR) region. This
demonstrates that CUD-calibrated targets produce
confidence scores that better rank easy and hard
examples. Such ranking performance is critical for
selective prediction, where a model must decide
whether to commit to a prediction or defer to a
human expert.

Ablation on Separation Performance. Individ-
ual module analysis confirms that both DUS and
W-Clip provide complementary inductive biases
for uncertainty estimation. Individually, DUS and
W-Clip improve the correctness AUROC over the
vanilla LKD baseline (attaining 0.90 and 0.88, re-
spectively, compared to 0.83). Their combination
in CUD yields the strongest separation of 0.92, en-
suring the most robust uncertainty estimates for
practical deployment.

F Llama Distillation Details

F.1 Datasets

Training Data. For teacher fine-tuning, we use
the MMLU auxiliary_train split (Hendrycks et al.,
2020) (99,842 samples), formatted in the Im-eval
multiple-choice style.

For student distillation, we convert the same split
into an instruction-following SFT format, where

Task Method ECEwrong Brieryrong
TinyBERT 0.858 1.696

. CKD 0.747 1.481
Banking77 1y kp 0.791 1.557
CUD (Ours) 0.277 1.033

TinyBERT 0.861 1741

CKD 0.835 1.657
CLINCISO b kD 0.730 1.480
CUD (Ours) 0.236 1.023

TinyBERT 0.929 1.851

CKD 0.870 1.675

TREC AD-KD 0.950 1.900
CUD (Ours) 0.566 0.993

TinyBERT 0.794 1.393

CKD 0.972 1.919

AGNews AD-KD 0.865 1.570
CUD (Ours) 0.801 1.396

TinyBERT 0.692 1.469

CKD 0.764 1.540

MASSIVE b kD 0.833 1.667
CUD (Ours) 0.586 1213

Table 12: ECEyong and Brieryyong calibration perfor-
mance across tasks on wrong predictions.

each sample consists of a question with labeled
choices and the correct answer letter as the target
output. Using the same questions in both stages en-
sures that every distillation sample carries a ground-
truth answer, which W-Clip requires to identify a
wrong top-1 prediction.
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Evaluation Data. We evaluate on four bench-
marks using the EleutherAl Im-eval harness (Gao
et al., 2021):

* MMLU (Hendrycks et al., 2020): 57-subject
4-choice QA (acc, test split)

¢ CommonsenseQA (Talmor et al., 2019): 5-
choice commonsense reasoning (acc, valida-
tion split)

e HellaSwag (Zellers et al., 2019): 4-choice
sentence completion (acc_norm, validation
split)

e TruthfulQA (Lin et al., 2022): multi-true
multiple-choice (mc2)

F.2 Evaluation Protocol

Following the 1m-eval protocol, we measure the
conditional log-likelihood of each answer choice
given the context:

log P(choice; | context) =

Z log P(token; | context, token)
t
(15)

Rather than relying on open-ended generation over
the full 128K-token vocabulary, this approach di-
rectly computes calibrated probabilities over a
small set of candidate answers. The predicted an-
swer is the choice with the highest log-likelihood
(length-normalized for HellaSwag).

F.3 Adapting CUD to Decoder-Only LL.Ms

A key challenge in applying CUD to generative
LLMs is the vocabulary size (|V|=128K): cali-
brating the full teacher distribution is computa-
tionally expensive and introduces noise from ir-
relevant tokens. We address this by adopting the
log-likelihood-based multiple-choice scoring used
in 1Im-eval (Gao et al., 2021), which computes the
conditional log-likelihood of each answer choice
given the context and normalizes over the candi-
date set. This reduces the effective output space
from ~128K tokens to a handful of answer candi-
dates (typically 4-5). Consequently, CUD’s cali-
bration mechanisms—including W-Clipping—can
operate directly on a compact, task-relevant proba-
bility distribution without modifying the remaining
vocabulary.

Dataset TS LS CUD (Ours)
Banking77 80.61 81.29 91.22
CLINC150 88.35 86.88 93.45
TREC 95.80 95.80 96.47
AGNews 94.31 94.19 94.11
Massive 82.04 82.19 87.22
Avg 88.22 88.07 92.49

Table 13: Comparison of smoothing strategies. Tem-
perature Scaling (TS) and Label Smoothing (LS) rely on
simple, rule-based smoothing, whereas our DUS-based
method reshapes the teacher’s scores in a way that is
more suitable for knowledge distillation.

G Comparison with TS and LS

We also compare our calibrated distillation against
simpler smoothing baselines such as Temperature
Scaling (TS) and Label Smoothing (LS). This
comparison highlights that merely smoothing the
teacher’s distribution—without modeling sample-
dependent structure—does not preserve the rich
information needed for effective distillation. Ta-
ble 13 reports a direct comparison between TS,
LS, and our approach under the same experimental
setup.

All three methods are evaluated under an
identical teacher—student architecture. The stu-
dent is a 4-layer, 256-dimensional BERT model
(google/bert_uncased_L-4_H-256_A-4). For
each method, we perform a grid search over learn-
ing rates {5 x 1074,107%,5 x 107°}. All other
training settings (optimizer, batch size, number of
epochs, etc.) are kept fixed so that the only dif-
ference lies in how the teacher’s distribution is
smoothed.

As shown in Table 13, our method consistently
improves over TS and LS in most cases. The
gains are especially notable on high-cardinality
tasks such as Banking77, CLINC150, and MAS-
SIVE. This suggests that, compared to simple rule-
based methods that apply a uniform temperature
or fixed label smoothing, our loss preserves richer
dark knowledge by adapting the teacher distribu-
tion to each sample’s difficulty and uncertainty. In
other words, our approach does more than merely
“soften” the teacher: it reshapes the teacher’s confi-
dence structure in a way that is more conducive to
effective knowledge distillation.
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Baseline Dataset FT Teacher CUD (Ours) Method Wall-clock Time  Relative Cost
Banking77 89.74 91.29 Standard FT Teacher 11m 06s (665.8 s) 1.00x
CLINC150 88.44 9291 CUD Teacher (Ours) 12m 10s (729.8 s) 1.10x
TinyBERT TREC 96.20 96.80
AGNews 94.31 94.36 . . .
Massive 89.12 89.27 Table 16: Computation cost comparison during
- teacher training. CUD incurs only a small overhead of
Banking77 91.62 1.2 approximately 10% relative to standard fine-tunin
CLINCI50 95.46 95.91 PP y v &
MGSKD TREC 87.80 97.20
AGNews 94.81 94.44
Massive 88.88 89.27 transferred to the student depends strongly on how
Banking77 93.76 93.86 the teacher itself is trained, and our teacher pro-
CLINC150 96.11 97.03 vides more informative soft targets.
CKD TREC 97.80 97.80 . .
AGNows 94.59 0473 .The effect is particularly pronounced on dgtasets
Massive 89.57 89.86 with a large number of classes, such as Banking77,
Banking77 93.05 93.08 CLINC150, and MASSIVE. In these multi-class
CLINCI150 95.53 95.77 settings, decision boundaries and error patterns be-
AD-KD TREC 96.40 97.60 come more complex, so the teacher’s ability to cap-
AGNews 94.82 94.55 bil lati hi | h di
Massive 89.62 8932 ture subtle relationships among classes has a direct

Table 14: Comparison of layer-6 student performance
using a fine-tuned teacher vs. our CUD-trained teacher.
Single-run results; the FT-teacher column therefore dif-
fers slightly from the three-run means in Table 2.

Dataset FT Teacher Ours (y=5) Ours (y=10)
Banking77 93.70 91.62 92.43
CLINC150 96.35 94.17 94.93
TREC 97.40 97.40 97.00
AGNews 94.69 94.42 94.72
MASSIVE 89.47 89.12 89.47

Table 15: Teacher performance under different levels
of DUS smoothing. The FT Teacher row reports the
accuracy of a standard fine-tuned teacher, while Ours
corresponds to the same architecture trained with DUS
at different smoothing strengths ~.

H Additional Teacher side Ablations

For KD baselines, we also evaluate the effect of
replacing the conventional fine-tuned teacher with
our CUD-trained teacher while keeping the student
architecture and loss fixed. As shown in Table 14,
almost all baselines and benchmarks exhibit consis-
tent performance gains, indicating that substituting
the standard teacher with our calibrated teacher
provides clear benefits.

This suggests that, although the proposed teacher
training procedure does not necessarily improve
(and can even slightly reduce) the teacher’s raw
accuracy (cf. Table 15), it yields a teacher that
encodes richer dark knowledge about inter-class
relationships. In other words, even under the same
distillation architecture, the quality of information

impact on distillation performance. Our teacher
better models the underlying uncertainty and cor-
relations over this complex label space, thereby
increasing the amount of useful information avail-
able to the student through soft targets.

By contrast, on datasets with relatively few
classes, such as TREC and AGNews, the amount
of exploitable dark knowledge is inherently lim-
ited. Consequently, the absolute gains from em-
phasizing this structure are smaller. Nevertheless,
our teacher still matches or slightly surpasses the
standard fine-tuned teacher on most of these tasks.
Taken together, these results indicate that the pro-
posed teacher training strategy yields substantial
benefits in challenging multi-class regimes, while
remaining a safe and stable choice in simpler, low-
cardinality settings.

I Computation Analysis

DUS introduces minimal computational overhead
because it modifies only the loss function while
leaving the model architecture and training pipeline
unchanged. Theoretical FLOPs per iteration are
therefore identical to those of standard fine-tuning.

It is important to note that our method—Ilike the
standard practice in response-based KD (e.g., PKD,
TinyBERT, CKD, AD-KD, MGSKD)—assumes a
task-specific fine-tuned teacher. Although the cost
of obtaining such a teacher may appear “hidden”
in real-world scenarios, where many pre-tuned
large models are publicly available, this require-
ment is shared across nearly all KD pipelines. Un-
der the assumption that a task-specific fine-tuned
teacher—one that is not publicly available—must
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Figure 4: Effect of calibration on uncertainty and distributions.

be trained for each task, the only additional compu-
tation introduced by DUS arises from the modified
loss.

Table 16 reports the wall-clock time on BANK-
ING77: DUS teacher training takes 12m 10s, com-
pared to 11m 6s for standard fine-tuning, corre-
sponding to an overhead of only 10%. The student-
side distillation cost remains essentially unchanged,
as the complexity of our loss is comparable to that
of standard KL-based KD objectives.

Overall, DUS provides a meaningful perspective
on knowledge distillation by reshaping the teacher
into a more calibrated and informative distribution,
while adding only negligible computational cost,
even when accounting for the teacher fine-tuning
step.

J The Role of ~: Balancing accuracy and
Calibrated uncertainty

We study how v in DUS reshapes the teacher dis-
tribution and student performance. Since the per-
example weight scales as (1 — p4.)?, increasing y
aggressively down-weights correct examples and
emphasizes wrong ones. Empirically (Fig. 4b),
larger « produces a softer top-1 distribution: the
sharp peak near ~ 0.95 collapses while probabil-
ity mass shifts toward mid confidence (0.5-0.9).
Thus, there is a clear inverse relation between -y
and top-1 concentration/peak height (and, equiv-
alently, a positive relation with entropy on hard
cases). This softening is beneficial for transfer up
to a point. On the dev sweep shown, student accu-
racy rises monotonically as v increases from 3 to
10 (0.85—0.89; legend of Fig. 4b), indicating that

within this range recovering teacher uncertainty
improves the ranking signal distilled to the student.
Although v=10 exceeds the y~2 standard in fo-
cal loss (Lin et al., 2017), our focal factor gates
the entropy reward rather than reweighting clas-
sification loss, so a more aggressive - is needed
to fully suppress the reward on confident-correct
samples. In our experiments, the v sweep further
illustrates the transfer-first trade-off: modest in-
creases in teacher uncertainty (sometimes with a
minor drop in the teacher’s standalone accuracy)
correlate with higher student accuracy after KD,
reinforcing that calibrating the teacher for distil-
lability can be preferable to maximizing its peak
accuracy.

K Learning Curve

Figure 5 reports the learning curves comparing
our method. The training loss of our method de-
creases smoothly and stabilizes early, demonstrat-
ing that the optimization process is well-behaved
even though its absolute loss scale differs from
AD-KD due to the different loss terms used.

Validation accuracy improves steadily and re-
mains consistently higher than that of AD-KD
throughout training, reaching a stable plateau with-
out late-stage degradation.

Overall, these learning curves confirm that (1)
our optimization process converges reliably, and (2)
the performance gains are attributable to a better-
shaped training objective rather than incidental op-
timization effects.
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Figure 5: Learning curves illustrating the convergence and generalization behavior of our method. Our approach
demonstrates smoother optimization and stronger validation performance throughout training.

L Extended Related Work

KD under uncertainty, calibration, and class
structure. Classical response-based KD trans-
fers a teacher’s softened output distribution to
the student (Hinton et al., 2015), leveraging
“dark knowledge”—relative probabilities over non-
ground-truth classes—which is especially informa-
tive when class cardinality is large. A parallel liter-
ature studies calibration and uncertainty of modern
networks (Guo et al., 2017), and regularizers that
alter predictive sharpness, such as label smooth-
ing (Miiller et al., 2019) and confidence penal-
ties (Pereyra et al., 2017). While these techniques
can improve expected calibration, they may also
blur meaningful inter-class geometry that KD in-
tends to pass on. Self-/born-again distillation vari-
ants (Mobabhi et al., 2020; Zhang et al., 2019) im-
prove students without an external teacher, but they
do not explicitly preserve difficulty-aware uncer-
tainty or prevent wrong-peak propagation. Our ap-
proach targets the distributional shape transferred
by KD: we (i) raise teacher entropy selectively
on hard inputs to keep informative neighborhoods
(R1), and (ii) project the teacher outputs to respect a
wrong-mass budget (R2), thus preserving pairwise
odds for the untouched classes.

Teacher shaping for distillation. Beyond treat-
ing the teacher as fixed, several works revisit
how teachers should be trained for better students.
(Menon et al., 2021) argue that soft targets closer
to the latent label distribution yield stronger gen-
eralization than one-hot supervision; (Dong et al.,
2024) further reformulate teacher training with reg-
ularizers that move predictions toward a faithful
class distribution for the data. Orthogonally, focal

loss (Lin et al., 2017) down-weights trivially cor-
rect examples and emphasizes hard ones; we adapt
this idea to build a distillation-friendly teacher by
coupling a focal term with a gated entropy re-
ward, thereby increasing uncertainty only where
the teacher is wrong or uncertain, unlike global
smoothing.

Selective imitation and error-aware KD.
Confidence-aware distillation methods reweight
or filter teacher supervision based on teacher
confidence, aiming to reduce the harm of over-
confident mistakes while keeping the simplicity of
response-based KD (e.g., “adaptive” or “selective”
KD variants). Feature-based approaches such as
PKD (Sun et al., 2019) and TinyBERT (Jiao et al.,
2020) align intermediate representations (hidden
states, attention) and can be very effective when
student width/depth can be mapped to the teacher;
however, they are less applicable under severe
architectural mismatch (e.g., depth and width
changes). Our method is architecture-agnostic:
rather than aligning features, we enforce a small
projection on the teacher distribution that (a)
suppresses only the wrong top-1 mass under a
budget (R2) and (b) leaves the rest of the class
relations intact, which theory and our results
indicate is most beneficial as the number of classes
grows.

Relative to prior KD, our contribution is to
Jjointly (1) shape the teacher to preserve difficulty-
aware uncertainty and (2) calibrate the transfer via
a constrained projection that prevents error propa-
gation. This coupling operationalizes the intuition
that KD helps most when the teacher behaves like
a calibrated posterior on both easy and hard inputs,
and explains the empirical trend that our gains in-
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crease with class cardinality while becoming com-
parable to temperature scaling or smoothing on
binary tasks.

M Algorithm

Algorithm 1 Proposed Knowledge Distillation Pro-

cedure

Require: Teacher 7', Student S, W-Clip budget 7,
margin scale m

Step 1: Teacher Training (DUS)

for epoch do
T(x) < teacher logits
Lcg < CrossEntropy(T'(x),y)
L focar < focal loss on (T'(x),y)
Lent < entropy loss on wrong samples
Etotal < ECE + £focal + Eent
Update T" with Lso¢q;

end for

Step 2: Student Distillation with W-Clip
for epoch do
S(z) < student logits
pr(- | z) < softmax(T'(x))
k* + arg maxy pr(k | =)
if £* = y then > teacher correct: bypass
W-Clip
pr(- | 2) < pr(- | 2)
else > teacher wrong: apply W-Clip
5budget N pT(k* | ZL‘)
5margin —m- (pT(k* | «T) _pT(y | «73))
0 < min{dbudgeta 5margin}
pr(y|z) < pr(y|z)+d
pr(k* | ) < pr(k* | ) — o
pr(k | z) < pr(k | z) for k ¢ {y, k*}
end if
Lc g < CrossEntropy (S(x), y)
Lxp « KL(S() | pr(- | )
Liotal < Log + LKD
Update S with L4
end for
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