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Abstract

Conformal  Prediction (CP)  provides
distribution-free ~ guarantees but often
yields inefficient intervals because standard
models are not trained with conformal
objectives. =~ We propose the Single-Pass
Adaptive Conformal Regressor (SPACR),
which directly optimizes predictive efficiency
and validity using a differentiable calibration
proxy within its loss. Unlike prior work
(e.g., DOICR), SPACR eliminates the need
for batch-splitting or fixed confidence levels
during training, enabling a single model to
generate valid intervals for any confidence
level at inference. Experiments show that
SPACR consistently gives tighter intervals
and superior efficiency-coverage trade-offs
compared to state-of-the-art baselines.

1 Introduction

Uncertainty quantification is critical in safety-critical
domains like healthcare and autonomous driv-
ing, where users require reliable signals to inter-
vene on potential errors [Vazquez and Facelli, 2022]
Michelmore et al., 2020]. Conformal Prediction (CP)
addresses this by providing distribution-free, model-
agnostic guarantees via prediction sets (for classifica-
tion) or intervals (for regression) [Vovk et al., 2005|
Angelopoulos and Bates, 2021]. However, standard
Inductive CP (ICP) is typically applied post hoc to
”black box” models. Because the underlying model is
not optimized for the conformal objective, this often
results in inefficient (unnecessarily wide) intervals.

This challenge has motivated the development
of methods aimed at directly training mod-
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els to maximize conformal efficiency. While
differentiable  objectives  exist for classifica-
tion [Bellotti, 2021, [Stutz et al., 2022], regression

remains under-explored. The primary existing re-
gression method, DOICR [Lei and Bellotti, 2023],
minimizes interval width while enforcing validity, but
suffers from sample inefficiency due to mandatory
batch splitting and the requirement to retrain for
every specific confidence level.

To address these limitations, we propose the Single-
Pass Adaptive Conformal Regressor (SPACR), which
integrates accuracy, efficiency, and validity into a uni-
fied, differentiable objective. Unlike prior work, it en-
sures calibration without batch splitting and enables
a single model to generate valid intervals for multiple
confidence levels at inference. Our contributions are:

e We introduce SPACR, a differentiable framework
that jointly optimizes predictive efficiency and va-
lidity in its loss. This eliminates the disconnect
between model training and conformal objectives.

e Unlike DOICR, SPACR eliminates the need for
batch-splitting and specific confidence levels dur-
ing training. A single trained model can thus
adaptively generate valid intervals for any con-
fidence level at inference.

e We demonstrate empirically that SPACR achieves
tighter intervals and superior coverage-efficiency
trade-offs compared to state-of-the-art baselines,
while significantly reducing computational costs.

2 Related work

2.1 Conformal Prediction for Regression

Conformal  Prediction (CP) [Vovk et al., 2005
Angelopoulos and Bates, 2021] constructs prediction
intervals C'l,a(ac) satisfying the coverage prop-
erty P(y € C'l,a(x)) > 1 — a, where a € (0,1)
is a wuser-specified significance level. Inductive
Conformal Prediction (ICP) [Papadopoulos, 2008]
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is the efficient approach that splits data into
training Dipain = {(zi,v:)}, and calibration
Dear = {(xj,y;)};< sets, trains a regression model
f: X = R on Dyrgin, then computes non-conformity
scores s; on Degy.

To  achieve adaptive intervals, normalized
ICP [Papadopoulos and Haralambous, 2011] scales s;
with an estimated difficulty o;:

9j

Let ¢ be the (1 — «)-quantile of these scores. For a new
input xses¢, the prediction interval is:

Cl—oc('rtest) - [f(xtest) - (jatest; f(-rtest) + qatest:| .
(2)
This normalized adaptive mechanism generalizes stan-
dard ICP that used fixed-width intervals (o = 1), im-
proving efficiency. However, the required data split-
ting in ICP reduces sample efficiency, motivating end-
to-end approaches that conformally trains the model.

2.2 Training Conformal Regressors

Recent research aims to align model training with
the conformal objective of minimizing interval width
while ensuring validity. The state-of-the-art method,
Directly Optimized Inductive Conformal Regression
(DOICR) |[Lei and Bellotti, 2023], adapts differen-
tiable sorting techniques [Stutz et al., 2022] to regres-
sion. DOICR optimizes interval width by randomly
splitting each training batch into a training set (Dq)
and an embedded calibration set (D). It computes a
differentiable quantile ¢ on D5 to minimize the loss:

Lpoicr = 2 Z
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where exp(u(x;)) represents the uncertainty estimate.
However, DOICR has two significant limitations.
First, the explicit batch splitting reduces data effi-
ciency. Second, the loss depends on a fixed quantile
q corresponding to a specific «, requiring the model to
be retrained for every new confidence level.

3 SPACR : Single-Pass Adaptive
Conformal Regressor

We introduce SPACR, a framework that integrates
the conformal objective into the training loop with-
out data splitting or fixed significance levels. Given a
training set Diyqin, Our regressor fy(x) outputs a mean
¢ and an uncertainty estimate &; = exp(u;), where the
exponential map ensures positivity and stability.

To align with conformal validity, we minimize a loss
function combining three objectives:

n
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(3)
where Laccuracy (MAE) ensures precision, Lgmciency
penalizes wide intervals, and A controls Lyalidity With
é(y,9,0) = max(ly — g| — 4,0), which penalizes ob-
servations falling outside the predicted interval [§ +
&]. This is equivalent to the a-insensitivity loss in
SVMs [Vapnik et al., 1996] and forces the model to
learn intervals that empirically cover the data.

LAccuracy L:Efficicncy

As shown in Figure[I] this loss encourages the model to
dynamically adjust interval widths based on empirical
coverage violations, which aligns its training objective
with the validity requirement of conformal prediction.
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Figure 1: Decomposition of the SPACR loss into Ac-
curacy, Efficiency, and Validity components.

Crucially, SPACR does not require splitting the train-
ing batch into sub-sets (see Algorithm , maximizing
sample efficiency compared to methods like DOICR.
Moreover, since ¢ is learned independently of a spe-
cific a, the model captures a general measure of un-
certainty.

Inference. Post-training, SPACR follows the same
ICP procedure as traditional conformal methods and
other training-based techniques such as DOICR. Given
a separate calibration set D.,, we compute non-
conformity scores s; = ”’UZ%BJI where 8 = 0.05u4 is
a smoothing constant based on the mean calibration
uncertainty. For a desired «, we calculate the (1 — «)-

quantile ¢ to construct intervals:

C'lfa (xtest) = gtest - (j(&test +ﬁ)7 Qtest +qA(5—test +ﬁ

)]
(2)
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Algorithm 1 SPACR Training Procedure
Input: Proper training dataset Dipqin, neural
network fy = (fe(l),fe(2)), number of epochs Fax,

learning rate n
Output:

Jo

Trained conformalized model

1: Initialize model parameters 6

2: for epoch =1 to F.x do

3:  Shuffle and partition D4, into batches B

4 for each batch B € B do

5 Forward pass: For each (z;,y;) € B, com-

(1)
0

pute predicted mean ¢; = (z;) and uncer-

tainty d; = exp( 9(2)(@))

6: Compute loss: Evaluate Lgpacr(B;6) over
the current batch B using Eq.

7: Backward pass: Compute gradients
VoLspacr

8: Parameter update: Update € using an op-

timizer (e.g., Adam) with learning rate 7
9: end for
10: end for

Since fp is not tied to a during training, a single
SPACR model can generate valid intervals for multiple
confidence levels simply by re-computing ¢, avoiding
the computational cost of retraining.

4 Experimental setting

4.1 Methodology

We evaluate SPACR against four baselines using a uni-
fied neural network architecture:

e Standard ICP (SICP): Trains a model on MAE
loss.  Post-hoc calibration produces constant-
width intervals (Eq. 2] with o = 1).

e Normalized ICP (NICP): Similar to SICP but
scales intervals using a trained difficulty estimator
(Eq. [2) for adaptivity.

e Conformalized Quantile Regression (CQR):
[Romano et al., 2019] trains a model to predict
lower and upper quantiles using the pinball loss
then ensures validity with conformal calibration.

e DOICR: Directly Optimized Inductive Confor-
mal Regression [Lei and Bellotti, 2023], which op-
timizes calibration during training via batch split-

ting (see Sec. [2.2).

e SPACR (Ours): Optimizes a joint objective
without batch splitting or fixed o (see Sec. [3).

Implementation Details. For tabular data, we use
a neural network with three hidden layers (64 units).
The output layer varies: SICP/NICP output a sin-
gle scalar g; DOICR/SPACR output mean and un-
certainty (¢,6); CQR outputs two quantiles. NICP
uses an additional detached layer for difficulty es-
timation. For the vision task, we fine-tune a pre-
trained ResNet18. All models are trained using Adam
(n = 10~%, batch size 256) for 200 epochs. For SPACR,
we set A = 5. We report results over 5 random seeds.

Datasets We wuse diverse tabular benchmarks
from [Grinsztajn et al., 2022]. For computer vision,
we use the Drift dataset [Li et al., 2024], predict-
ing tree counts from satellite imagery (using the
Denmark subset, n = 13,094) and the UTK Face
dataset [Zhang et al., 2017], consisting of over 20,000
face images, to predict age. All data is split 60/20/20
(train/calibration/test).

Metrics We report Coverage (percentage of true
values inside the interval, target 1 —«a) and Efficiency
(median interval width, where lower is better).

5 Results

5.1 Performance and Conditional Adaptivity

While most methods maintain marginal coverage
within +1.5%, SPACR achieves a superior efficiency-
coverage trade-off (Table [1, Figure [2)). Tt yields the
tightest intervals across most of the 16 datasets at
90% and 95% confidence, and remains highly competi-
tive at 99%. SPACR avoids the severe under-coverage
that DOICR exhibits on Brazilian Houses and Drift
(Figure [2a). This stability extends conditionally: al-
though exact distribution-free conditional coverage re-
quires strong assumptions [Foygel Barber et al., 2021],
SPACR reliably maintains the target 90% coverage
across “Easy,” “Medium,” and “Hard” subsets by
scaling interval widths monotonically with difficulty.
In contrast, CQR and DOICR severely under-cover
“Hard” instances while over-covering “Easy” ones
(Figure . Ultimately, SPACR, learns a highly adap-
tive uncertainty representation that is globally efficient
and locally valid.

5.2 Sensitivity and Ablation Analysis

Effect of A\. The parameter \ controls the trade-off
between efficiency and validity. As A — 0, the model
ignores the validity penalty, causing uncertainty esti-
mates to collapse. This results in highly unstable, mas-
sive bounds due to calculation errors from vanishing
denominators. As A — oo, the model over-prioritizes
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Dataset Method a = 0.10 (90%) o = 0.05 (95%) o = 0.01 (99%) Dataset Method a = 0.10 (90%) a =005 (95%) a =001 (99%)
Cov. (%) Med. Eff. | Cov. (%) Med. Bff. | Cov. (%) Med. Eff. | Cov. (%) Med. Eff. | Cov. (%) Med. Eff. | Cov. (%) Med. Eff. |
sicP 90.13 £ 0.50 136 £ 0.02 94.79 £ 0.3 1.68 £ 0.02 99.13 £ 0.24 2.57 £ 0.09 sicP 8993 £052  0.46 +£0.04 9515+ 028  0.59£0.04 9921 £016  0.94 %008
NICP 9009 £ 014  1.29 +£0.04 9189 + 049 1.55 £ 0.05 99.10 £ 0.27 2.20 + 0.07 NICP 89.72 £ 0.20 0.45 £ 0.05 059 £ 0.06 9923 £0.19  0.93 + 0.08
Bike Sharing CQR 89.76 £ 0.22 1.39 % 0.06 94.69 & 0.30 1744005 99.00 £ 0.5  3.09 £ 0.08 Brazilian Houses ~ CQR  89.97 £ 0.46  0.51 % 0.07 0.66 £ 0.08 99.23 £ 0.26 1.23 £ 0.15
DOICR 9007 £ 0.48 248 £ 0 95.20 & 0.34 2.68 + 0.22 99.03 + 0.38 330 £ 0.23 OICR 7191 + 40.21 1.53 % 0.29 1874012 9904+ 012 247 £0.70
SPACR  90.06 & 0.52  120+009  95.09 £ 0.41 154 £0.11  99.02 022  2.07 £ 0.09 SPACR  89.86 £ 0.69 107 £0.12 122015 9921 £0.22 1.59 £ 0.18
sicP 90.41 £ 0.80 0.28 & 0.01 95.16 £ 0.62 0364001 99.01 & 015  0.56 £ 0.01 sicp 89.75 £ 137 0.15 & 0.01 0.21 £ 0.02  99.11 £ 0.31 058 & 0.06
NICP 90.34 + 0.79 028 % 0.0 95.08 + 0.60 0.35 + 0.01 99.01 £ 0.20 0.56 + 0.02 NICP 89.79 + 1.36 0.15 % 0.01 0.22 & 0.02 99.12 £ 0.23 0.6 + 017
California CQR 90.14 + 0.92 030 & 0.01 95.10 £ 0.36 0.38 4 0.01 99.08 £ 0.17 0.61 % 0.01 CPU Act CQR 89.87 & 0.94 0.16 4 0.01 95.06 + 1.18 0.28 4 0.04 99.28 £ 0.26  0.78 £ 0.11
DOICR  90.18 + 1.16 0.28 + 0.02 95.22 + 0.56 0.34 + 0.01 99.02 £ 006 0.47 + 0.01 DOICR  90.30 + 0.47 0.97 4 0.09 95.25 + 0.76 1124008 99.02 £ 0.31 128 4015
SPACR  90.06 £ 0.94  0.26 & 0.01  95.04 £ 0.57  0.33 + 0.01 _ 99.02 + 0.15 053 & 0.03 SPACR  89.96 £ 0.52  0.24 £ 0.05 94.78 £ 0.71 0274005 9913 +£0.15  0.37 + 0.05
SICP 89.99 £ 0.26 038 & 0.01 95.06 + 0.15 047 % 0.00 99.05 £ 0.11 0.69 + 0.01 SICP 90.22 + 0.59 0.30 % 0.01 95.15 + 0.52 0.43 + 0.01 99.08 + 0.15 0.65 % 0.02
NICP 89.89 + 0.36 0.37 + 0.01 94.91 £ 0.05 0.45 + 0.00 99.03 £ 0.10 0.67 + 0.01 NICP 90.11 + 0.46 0.30 % 0.01 95.23 + 0.47 044+ 001 99.04 + 0.29 063 + 0.02
Diamonds CQR 89.94 + 0.23 0.38 + 0.01 94.91 £ 0.17 0.47 + 0.01 98.98 £ 0.10 0.83 £ 0.02 Fifa CQR 90.07 £ 0.70 0.3 % 0.00 94.86 + 0.52 0.36 % 0.00 9.21 & 0.27 43 + 0.01
DOICR  89.86 + 0.27 0.40 £ 0.01 94.91 £ 0.16 0.46 £ 0.01 98.94 £ 0.10 061 £ 0.01 DOICR  90.10 + 0.47 032+0.01 9498 £0.52 038+ 001 99.08 £0.28  0.44 +0.02
SPACR  90.05£036  0.34 £0.00  95.02 £ 0.11  0.42 £0.00  99.00 £ 0.08 _ 0.60 & 0.01 SPACR 9027 £0.51  0.28 £0.00 9490 £ 057  0.36 £ 0.01 9893 £ 0.16 0.61 £ 0.04
SICP  89.87 £ 0.74  0.56 % 0.01 94.76 £ 0.39 0.72 £ 0.02 98.85 £ 0.32 113 £ 0.06 sicp 90.29 £ 1.69 0.88 & 0.03 94.73 £ 145 119 £ 0.08 99.40 £ 0.12 2.33 £ 0.22
NICP §9.65 £0.65  0.54 £0.02 9453 £051  0.68 £0.02 9881 + 031 1.04 £ 0.03 NICP 89.71 £ 1.49 0.87 % 0.03 1.20 £ 0.11 99.33 £ 0.11 223 + 017
House Sales CQR 89.63 £ 0.85 0.51 £ 0.03 94.66 £ 0.44 0.69 + 0.03 98.80 £ 0.36 113 % 0.05 Tsolet CQR 89.68 £ 1.51 0.87 & 0.03 1154003 99.00 £0.18 201 £ 004
DOICR  90.28 + 0.45 230 +£0.28  94.99 + 032 256 + 0.37 98.84 £ 0.08 264 = 0.28 DOICR  90.23 + 0.89 113 + 0.04 1.29 + 0.04 99.03 + 0.28 1.70 + 0.09
SPACR  89.83 + 1.04 0.55 £ 0.02 94.74 £ 0.41 0684003 9887 + 031  1.00 & 0.03 SPACR  89.05 £ 126 0.78 & 0.06 1.01 £ 0.07 9913 £ 028  1.61 £ 0.11
sicp 89.85 + 0.19 0.18 4 0.00 94.91 + 022 0.27 + 0.01 98.99 £ 0.12 0.59 + 0.02 sicp 90.07 + 0.80 035 + 0.02 0.94 4 0.08 98.97 + 0.15 3.44 4 0.34
NICP 89.95 + 0.15 0.18 & 0.00 94.93 + 0.19 0.26 % 0.01 99.04 £ 0.09 0.55 + 0.02 NICP  90.06 + 0.83 034 % 0.02 0.91 & 0.07 99.03 £ 013 3.33 + 027
Medical Charges ~ CQR 89.96 £ 0.08 019 & 0.01 94.96 + 017 0.29 % 0.01 98.98 £ 0.11 0.80 + 0.04 Pol CQR 90.28 + 0.68 049 & 0.08 1324019 98.99 + 0.16 248 + 014
OICR  90.12 + 0.17 021 % 0.01 94.92 + 0.25 0.26 + 0.01 99.00 £ 005 0.37 = 0.01 DOICR  89.39 & 0.87 0794015 9492 =019 120+ 0.12 98.95 + 0.32 1.72 £ 0.14
SPACR  89.90 £0.09  0.17 £ 0.00  95.00 £ 0.20  0.24 & 0.00 _ 99.00 £ 0.07 050 & 0.01 SPACR  90.37 £ 043  0.09 £ 0.03 9567 £037  0.14+0.04 9914 017  0.33 £ 0.08
sicP 59.83 £ 0.50 1.66 £ 0.04 94.88 + 0.27 2244006  98.96 + 0.28  3.65 = 0.18 SICP 90.46 £ 103 0.34 £ 0.01  94.95 £ 0.64 043 £002  99.00 £ 0.37  0.65 + 0.06
NICP  89.92 £ 0.61 1.52 £ 0.07 94.86 & 0.44 2.06 % 0.09 98.94 & 0.24 350 £ 0.15 NICP 9131 £ 1.22 0.36 £ 0.02 95.32 & 0.89 0.44 £ 0.03 95.92 £ 0.26 0.67 £ 0.05
Superconduct CQR 89.56 & 0.47 159 £ 0.02 94.59 & 0.23 2.02 + 0.02 98.93 & 0.38 3.26 £ 0.11 Wine Quality CQR 90.26 % 1.06 0.35 £ 0.01 94.80 £ 0.70 0.46 £ 0.02 99.11 £ 0.46 0.77 £ 0.05
DOICR  89.74 £ 0.61 1.55 % 0.05 94.85 & 0.34 1.85 £ 0.04 9891 £030  2.60 £ 0.09 DOICR  90.02 £ 0.75 043 £ 0.04 95.46 % 0.77 050 £ 0.04 9918 £0.20  0.68 + 0.04
SPACR 8079 £0.36  1.20 £ 0.04  95.02 £ 0.27  1.69 £ 0.05 9883 £ 0.16 3.08 £ 0.11 SPACR  90.48 £ 0.85 0.35 £ 0.01 9531 £0.80 043 £0.01  99.02+£0.33  0.65 £ 0.05
sicp 89.70 £ 071 2641 £273 9489 £ 051 3533 £364  98.97 £ 0.32  63.70 £ 9.28 sicp 89.97 £ 0.67 3205 £412  94.98 £ 045 40.67 +£ 542 98.99 £023  60.17 £ 6.94
NICP 90.31 £ 047 2355 £332 9538 £ 067 20354474 9908 £ 011 4413 £ 10.32 NICP 90.16 £ 0.35  30.36 £ 972  94.92 034 3897 £ 13.57  99.08 £ 0.03
Drift CQR 89.48 +£0.60  23.94 4350  95.08 £ 0.49  33.06 + 629  99.06 £ 0.33  66.99 £ 19.81 UTK Face CQR  90.01 +0.33 2629 4+3.96 95014043 41824857  99.00 + 0.14
DOICR 5365 + 48.95  29.70 £ 646 57.04 + 5208  29.56 £ 134 99.04 £ 030  98.84 & 89.02 DOICR  §9.46 +029 3167 +257 9500 = 0.22 3838+ 659  98.94 £ 0.25
SPACR  90.08 - 1.20  22.51 + 2.28  95.17 + 0.71  27.59 + 2.98  99.27 + 028  41.19 + 5.90 SPACR  90.13 + 046  21.84 & 0.84  95.02 + 030  27.49 &+ 0.98  98.95 + 0.14

Table 1: Comparison of methods across datasets for Marginal Coverage and Median Efficiency (Mean + Std).

Best results are highlighted in bold, invalid coverage is marked

Marginal Coverage (Drift)

in red.
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Figure 2: Performance figures for the different approaches for the Drift dataset.

coverage, severely inflating intervals at the cost of effi-
ciency. Moderate values (A € [1,50]) strikes the opti-
mal balance, yielding tight intervals that dynamically
adapt to the difficulty of the data, as demonstrated by
the efficiency curves for the Isolet dataset (Figure [3).

Median Efficiency vs A (Isolet)
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Figure 3: Efficiency Curves for varying A values for
the Isolet Dataset.

Ablation Study. We validated each loss component
by evaluating variants of SPACR with specific terms
removed. Omitting the efficiency penalty (Lggiciency)
eliminates the optimization pressure for compactness,
completely destroying conditional adaptability. This

causes the interquartile range (IQR) of the predicted
interval widths to collapse. For instance, on the Cali-
fornia and Medical Charges datasets, the IQR drops to
exactly 0.00 (at 90% confidence), meaning the model
outputs a rigid, constant-width interval for all in-
stances regardless of difficulty. Conversely, remov-
ing the validity penalty (Lvandity) destabilizes train-
ing by ignoring empirical coverage violations, forcing
the post-hoc calibration step to compensate with im-
practically wide intervals. On image datasets at 90%
confidence, this degradation is severe: the median in-
terval width inflates from 22.51 to 96.38 on the Drift
dataset, and from 21.84 to 127.94 on the UTK Face
dataset. Thus, Leiciency is crucial for instance-specific
adaptability, while Lvalidity is essential to prevent un-
informative, exploding bounds.

5.3 Computational Cost

A critical advantage of SPACR is its O(1) single-pass
design. Unlike DOICR and CQR, which require re-
training for each of k confidence levels (scaling as
O(k)), SPACR learns a generalized uncertainty rep-
resentation in one run (O(1)), enabling dynamic in-
ference for any o without additional training costs.



Soundouss Messoudi, Sylvain Rousseau, Sébastien Destercke

This yields significant empirical time savings: on the
Drift dataset, SPACR trained in 32 minutes, whereas
both DOICR and CQR required over 1.5 hours to sup-
port just three confidence levels a € {0.01,0.05,0.10}.
Consequently, SPACR is highly suited for systems re-
quiring dynamic, real-time calibration.

6 Conclusion

We introduce SPACR, a differentiable framework that
trains uncertainty-aware regressors without batch-
splitting or fixed confidence levels. By optimizing a
joint objective, SPACR outperforms state-of-the-art
methods like DOICR, yielding tighter intervals and
enabling efficient multi-level inference with a single
model. Future work will investigate alternative robust
loss functions [Barron, 2019| [Ghosh et al., 2017] and
asymmetric variants [Huang et al., 2013| to further re-
fine the interplay between the loss components.
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