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A Theoretical Proofs

A.1 Proofs of Results in the Main Paper

In this section, we provide the theoretical proofs of all statements in the main paper. We start by
introducing several existing results on which we built on:

Theorem A.1 (Relationship between KL-Divergence, Cross-Entropy and Entropy). Let P and Q)
be probability distributions over a common probability space (X, F).The Kullback-Leibler (KL)
divergence between P and Q is defined as:

D (P||Q) =Ex~p [log P(X)] .

Q(X)
This can be decomposed in terms of the entropy and the cross-entropy as follows:
Dy (P|Q) = H(P,Q) — H(P),

where:
o H(P) is the entropy of P, defined as:

H(P) = —Ex~p [log P(X)] = = > P(x)log P(x
reX

H(P, Q) is the cross-entropy between P and Q, given by:
H(P,Q) = —Ex~p[log Q(X)] = — Y P(x)log Q(x).
zeX

Theorem A.2 (Hoeffding’s inequality). LetX1, Xo, ..., X, be independent random variables such
that for all i, it holds thatX; € |a;, b;] almost surely. Deﬁne the empirical mean as X = LY | X,
then, for anyt > 0:

P(X—IE[X] > t) < exp (—M) .

Hoeffding’s inequality provides an upper bound on the probability that the sum of bounded indepen-
dent random variables deviates from its expectation.
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Theorem A.3 (Pinsker’s inequality). Given two probability distributions P and Q over the same
sample space, the total variation distance is defined as:

Drv(P,Q) = sup |P(A) — Q(A)].

For measurable sets A € F. Then it holds:
1
Dry(P,Q) < kaL(PHQ)-

Pinsker’s inequality provides a lower bound on the total variation distance between two probability
distributions in terms of the Kullback-Leibler (KL) divergence.

Theorem A.4 (Operatornorm of bounded summaries [16]). Let A € RI%2" be a matrix satisfying

the boundedness property, such that for all v € R2d, the attributions are bounded by each feature’s
smallest and largest contributions:

min(vsygiy — vs) < (Av); < max(vsugy —vs), Vi€ [d].
¢S ¢S
Then, the operator norm of A with respect to the {1 — Ly norms is given by:
[ All1,00 = 2Vd.
Note that many popular perturbation-based methods techniques have linear summary techniques

satisfying the boundedness property and theorem A.4 [[16]], such as Shapley Values [19] and LIME
[21]. Now we can turn to the proofs of the theorems in the main paper:

Theorem 3.2. Let L be the cross-entropy loss, Dgy (-, -) be the KL-Divergence between two
distributions, and let I(-, -) denote the mutual information between random variables. Then we have:

vi(S) = D (Py|lfg (X)) +  I(f5(X),Y) —  CEk(/f35)

Perturbation Baseline Bias  Information in fg about Y Calibration Error of fg

Proof. By definition we have
vF () = E[Lce(f7 (X),Y)] = E[Lce(f5(X),Y)]
Using the notation from Theorem A1, the second term can be rewritten in the following way:
E[Lee(f5(X),Y)] = Ex vy [-log(f5(X)y)] = Esz(x),v[—1og(f5(X)y)]
= Egz(x)Ey |z 00 [ 108(f5 (X)y)] = gz (x)[H (Py sz (x), f§(X))]
= EfE(X)[H(PY\fg(X)v fg(X))] + Efg(x) [H(PY|fg(X))]
— Bz o0 [H(Pyirz00)]
= Drr(Pyz 0 llf$(X)) + Erzx)[H (Py|rzx)]
= CEx(f5) + Epz ) [H(Py gz x))] + H(Py) — H(Py)

Using the tower rule of the conditional expectation we can further reformulate H (Py) as follows:
—H(Py) = Ey[log(Py)] = Eszx)Ey sz (x)[log(Py)]
= —Esz ) [H(Pyrz(x), Py)]
Plugging this into the last expression above gives:
ElLce(f5(X),Y)] = CEx(f5) + Efzx)[H(Pyrz(x))] + H(Py) — H(Py)
= CExi(f§) +Epzx)[H(Py30x)] = Epz 0 [H (Pyiz(x), Py)] + H(Py)
= CExi(f5) — Efz ) [Drr(Py sz x) |1 Py)] + H(Py)
= CEx.(f5) — I(f5(X),Y) + H(Py)
Integrating this into the definition of the predictive power finally yields:
0§ (S) = E[Lee(fg (X),Y)] — H(Py) + I(f5(X),Y) — CEg(f3)
= H(Py, f§(X))] = H(Py) + I(f5(X),Y) = CEx.(f3)
= Die(Py || 5 (X)) + I(f§(X),Y) = CEi(f35)



Corollary 3.3. If a model f is perfectly calibrated under all subset perturbations faced during the
explanation process, then we have:

vi(S) = I(f5(X),Y)

Proof. 1f amodel f is perfectly calibrated under all subset perturbations faced during the explanation
process, then we trivially have C'Ex; (f§) = 0 forall S C {1,...,d}. Therefore the third term on
the right hand side of Theorem 3.2 vanishes. Moreover, f7(X) results in a constant prediction and
the only constant prediction that is perfectly calibrated is Py-. Hence, also the first term vanishes
since the KL-Divergence between two identical distributions is zero. [

Theorem 3.4. Let ¢(x) be alocal explanation for input = with respect to a class-wise prediction
f(z)k and perturbation 7. Let ¢*(x) denote the explanation that would be obtained if the model
f were perfectly calibrated under all subset perturbations. Define the maximum calibration error
across all perturbation subsets as: C'Ey;™*® := maxgc[q) CEg.(fZ) Then, with probability of at
least (1 — 0), the mean squared difference between the actual and ideal explanations is bounded by:

%II(b(fﬂ) —¢"(@)|I3 < 2CE™ + v/8log(1/0)

Proof.
[¢(z) — ¢"(x)|2 = [|AV(z) — A" (2)]|2
< [ All1e0[[9(2) = 9" ()]0
=2Vd N ORHO]

NG (@), — foT
Vd scr{ri?fd}‘fS(x)’“ & (@)l

< 2W/d
S

D $(z), Py sz
CI{Iﬁ}f,d} TV(fS(x)v Ylfs(w))

Note that we used Theorem A4 to reformulate the operator norm of the linear summary matrix A,
which we expect to satisfy the boundedness property (see Theorem A4).

To ease the notation, denote Z := Dy (fZ(X), Py £z X))2 such that Z € [0, 1] as the total variation
distance is bounded in that range. Then we can apply Hoeffing’s inequality (Theorem A2) to bound
the probability that Z will exceed its expectation by ¢, since:

P(Z >t +E[Z]) < exp(—2t?)
Consequently, by choosing ¢t = /1/21og(1/4) we get that:

P(Z > \/1/210g(1/6) + E[Z]) < 6

Therefore its holds with probability of at least (1 — §) that:

1 * T 2
Sllé(@) — " (@) < 4 max  Dry (f3(X), Py sz (x))

<4 max E[Dry(f3(X), Pyrz(x))] + v/8log(1/3)

SC{L,d}

1
< 4SCI{an d}E[iDKL(fg(X)7PYlfg(X))] + v/8log(1/6)

yeeny

— 2CE™s 1\ /8log(1/0)

The last inequality utilizes Pinker’s inequality (Theorem A3) to bound the total variation distance in
terms of the KL-Divergence. O



Proposition 4.2 Let 7 : [0,1]% x 2{b-4} — [0 1]X be a deterministic and componentwise
strictly monotonic function for every fixed S. Then 7T is information-preserving.

Proof. In general, the data processing inequality [4] implies that for every deterministic function 7 it
holds:
I(Y, T(f5(X),5)) < I(Y, f§(X))
and equality holds under the conditional independence assumption that:
Y LT(f5(X),8) | f5(X),5
which can also be expressed as:
PY [ T(f5(X),9), f5(X),8) = P(Y | f5(X),5)

Since calibration here can also explicitly depend on the properties of S, this condition intuitively
requires that the mere knowledge about .S should not encode additional information about the target
Y. So in general, any T that satisfies this property is information-preserving as defined in Definition
4.1. A practical way to obtain appropriate recalibration maps is to consider functions that are strictly
monotonic increasing [28]] for every fixed Subset S. Since such maps are also injective for every S
we get:

Vs1,s0 € 0,115, 8 € o{lnd} o g #+ 89 = T(s1,5) # T (s2,95)

This injectivity ensures that for any fixed .S, there exists a one-to-one correspondence between f7 (X)
and 7 (fZ(X),S). Therefore:

PY =y, T(f5(X),5) =t,f5(X) = f,5=5)

P(Y =y | TUBX), 8) = 6. JE(X) = 1,8 = 8) = s s = as

and the joint events in the numerator and denominator have non-zero probability only when ¢ =
T(f, s) due to their deterministic functional relationship. Hence, we can write: and the joint events
in the numerator and denominator have non-zero probability only when ¢ = T'(f, s) due to their
deterministic functional relationship. Hence, we can write:

P(T(f35(X),8) =t f5(X)=f,S=35)=P(f5(X) = f,5=35) L=1(s.9)}

Substituting these expressions back into our original equation:

P(Y =y, f8(X)=f,S=5) 1y=7(s.5)}
P(f§(X) = f,8=5) Lu=1(s,5)}

PY =y, f§(X)=f,5=5s)
P(fZ(X)=[,5=>s)

=PY =y|f3(X)=f5=5s)

which shows the proposition. Also note that [28] has also proposed such kinds of recalibration
methods and showed that they are also accuracy preserving. O

PY =y | T(f5(X),5) =t f5(X) = f,S=5) =

A.2 Extension of Theorem 3.4 for non-linear aggregation methods

Theorem 3.4 can naturally be extended to non-linear aggregation methods. For any general non-
linear aggregation function G that maps model predictions under perturbations to feature importance
vectors, we can reformulate the bound using a more general Lipschitz property. Let G be a non-linear
aggregation strategy, and let v(z) and v*(x) represent the vectors of model predictions under subset
perturbations for the uncalibrated and perfectly calibrated models, respectively. All we additionally
need for the non-linear case is the existence of a constant L such that:



1G(v(z)) — G(v*(2))]l2 < Llv(z) — v*(z)[le
This leads to the following more general version of Theorem 3.4:
1 * L2 max L2
SN6(@) — 6" ()3 < OB + = \/1]210g(1/0)

Proof.
[¢(z) — @™ (2)]2 = [|G(v(x)) — G (2))]2
< L|v(z) — v (@)l
=L max }\fg(a?)k — f57 (x)k]

sc{1,....d
<L scnax Drv (f§(2), Pyiz(x))

Squaring both sides and dividing by d:

2

1 . L x 2
glo@) =6 @I < 7 max | Drv(fE(X), Prigzco)

Applying Hoeffding’s inequality and Pinsker’s inequality as in Theorem 3.4, with probability at least
(1-9):

Lote) — o @)1 < = [E[Drv (f(X), Prygs o)) + V172108(1/5)]

% [;E[DKL(JCE(X)?PYJC;’(X))} + 1/21og(1/6)}

2 2

_ Lf maxg Lf
= 2dC’EKL + i v'1/2log(1/6)

IN

IN

O

For linear aggregation strategies used by methods like SHAP and LIME, one can show that L = 2+/d
[L6], which yields the specific bound presented in Theorem 3.4 of the paper. This demonstrates that
our theoretical framework can be generalized to perturbation-based explanation methods based on
non-linear aggregation as well.

B Experimental Details

All numerical experiments have been computed on an Nvidia RTX A5000 GPU with CUDA 12.2
and two physical AMD EPYC 7502P 32-Core CPUs running on Linux Ubuntu.

B.1 Dataset and Model Details

Tabular Datasets All tabular datasets are downloaded from [[7] and are utilized without any further
preprocessing. Across all experiments, we considered train/validation/test splits of 60/10/30.

Tabular Models We considered a Multi-Layer-Perception and a ResNet for tabular classification
based on the architecture proposed in [6]. The MLP models use 3 hidden layers of dimension 64 with
ReLU activation and dropout (0.2) for regularization, while ResNet adds skip connections between
the hidden layers and includes Batch normalization. All models are trained using Adam optimizer
with a learning rate of 1e-3 for up to 30 epochs, implementing early stopping with a patience of 5
epochs based on validation loss.



Image Models We downloaded all convolutional models,including VGG16[22], ResNet50 [9]], and
DenseNet121 [12], from torchvison with pre-trained weights. All transformer-based models are
downloaded using the timm library [25], and all zero-shot models are obtained from openclip [13].
More precisely, we utilized the following model variants:

DeiT [24]: deit_tiny_patch16_224.fb_inlk

ViT [5]): vit_tiny_patchl6_224.augreg_in21k_ft_inlk
SwinT [18]]: swin_tiny_patch4_window7_224.ms_inlk
MLPMixer [23]: mixer_b16_224.goog_in21k_ft_inlk
SigLip [27]: ViT-B-16-SigLIP

B.2 ReCalX Algorithmic Details

We implemented ReCalX as an extended version of classical temperature scaling. For a subset
S C{1,...,d}, we define the perturbation level A(.S) as the fraction of perturbed features: A(S) =
(d —|S])/d € [0,1]. To account for different perturbation intensities, we partition [0, 1] into B = 10

equal-width bins and learn a specific temperature for each bin. Let B} := [%, %], bel,...,B

denote these bins. Given a validation set Dy, = (;, yz)f\;l we optimize a temperature T3, for each
bin by minimizing the cross-entropy loss L¢z on perturbed samples with corresponding perturbation
levels:

Algorithm 1 ReCalX
Require: Model f, validation data D,,, number of bins B, samples per bin M

I: Initialize bins By = [25*, 4] forb € 1,..., B and Temperature parameters {T}, = 1}{*

2: forb=1to B do

3: Ly=0 > Initialize loss for bin b
4: for (z;,y;) in Dy, do

5: for j =1to M do

6: Sample S C {1,...,d} with A(S) € B, > Random subset with desired pert.level
7: Ly += Lce(f§(wi, Ty), yi)

8: end for

9: end for
10: Ty = argming, >0 Ly > Optimize using L-BFGS
11: end for

return {T; } 2 |

The algorithm iterates over each bin, sampling M random subsets with appropriate perturbation
levels for each validation sample. For each bin, we optimize a temperature parameter using L-BFGS
[L7] to minimize the cross-entropy loss on the perturbed samples.

B.3 Calibration Error Analysis

To perform temperature scaling, we followed the standard approach introduced in [8]], which optimizes
a single temperature parameter via L-BFGS for the cross-entropy loss based on 1000 unperturbed
samples from the corresponding validation set of each considered dataset. For this, we relied on the
implementation provided by [28]]. For ReCalX, we performed the algorithm presented in Appendix B,
considering B=10 perturbation level bins, for each bin 200 distinct data instances with M=5 different
perturbation samples, such that we again have a total recalibration set of 1000 per bin. For each
perturbation level bin, the resulting calibration error is computed based on 10000 fresh samples from
the remaining validation dataset of ImageNet for vision models and based on at least 6000 samples of
the test set for each tabular dataset. To estimate explicitly the KL-Divergence-based calibration error,
we utilized the dedicated estimator provided by [20]]. For tabular data we considered fixed baseline
replacement with the feature mean in the training dataset as perturbation. For vision data, we analyzed
fixed baseline replacement with zeros ( the default choice in [[14]) as well as pixel replacement based
on a significantly blurred image version using a Gaussian blur kernel of size 5 and sigmas of (0.1, 2).



B.4 Global Remove and Retrain Fidelity

The sequential retraining experiments evaluate the global removal and retrain fidelity of explanations
by progressively removing the most important features and measuring model performance degradation.
The procedure begins with a fully trained model (MLP or ResNet) on the complete feature set. Then,
we derive global feature importance rankings from averaging the local feature attribution results of
1000 training samples using Shapley Values based on the implementation provided by SHAP [19].
As a perturbation, we used fixed baseline replacement with feature mean in the training dataset. This
process is performed for both uncalibrated models and ReCalX-calibrated ones to compare their
effectiveness in identifying truly important features. Subsequently, the top 5 most important features
are sequentially removed one by one, and after each feature removal, the model is retrained from
scratch using multiple random seeds (0, 123, 456) to ensure statistical robustness. Each retraining
run again consists of maximally 30 epochs and might stop early with patience of 5. The retraining
performance is measured on the test set based on the cross-entropy loss and is reported as the average
over the three seeds [[11]].

B.5 Explanation Robustness

For the robustness experiments, we considered three popular perturbation-based methods given by
LIME [21], KernelSHAP [19]], and basic Feature Ablation, all based on their default implementation in
Captum [14]. We further utilized a feature mask of 200 segments obtained via the SLIC algorithm [1]].
To measure explanation robustness, rely on the Average Sensitivity (Save) [2] and Max Sensitivity
(Smax)[26] based on their implementation in Quantus [10]. Such metrics are given by:

Save  Ec[|o(@) =gz +e)lll;  and  Syax : max]|¢(z) — ¢(z + £)]I3

where we utilized 50 tiny uniformly distributed corruptions e ~ U[—0.1,0.1]. Each metric is
computed as an average over 200 random samples from the remaining ImageNet validation dataset,
which has not been used for recalibration.

C Additional Experimental Results

C.1 Calibration Error Analysis for Tabular Models

In Table[I} we provide additional results on the calibration error analysis on tabular classifiers. This
Table extends the corresponding one in the main paper and includes 6 additional datasets.

C.2 Applying ReCalX to Regression problems

For regression, we consider a model f : X — P(Y") that maps inputs to probability distributions
over a continuous target space ) C R. In our experiments, we use a neural network that outputs the
parameters of a Gaussian distribution:

f(@) = N(u(2),0%(2)),

where 11 : X — R predicts the mean and o : X — R™ predicts the standard deviation. For regression
models, calibration is typically assessed using quantile-based calibration error [[15]. A regression
model is well-calibrated if its predicted cumulative distribution function (CDF) matches the empirical
frequency of observations. Formally, for any quantile level « € [0, 1], a calibrated model should
satisfy:
P(Y < Fjx(@) = a,

where Ff_&)(a) denotes the a-quantile of the predicted distribution f(X). The quantile-based
calibration error measures the deviation from this ideal property:

C’E‘quantile(f) = ]EaNUniform[O,l] P(Y < Ff_(ﬁ() (a)) — Q.

To apply ReCalX to regression models, we employ affine transformations instead of temperature
scaling. For a given perturbation level A(S) = (d — |S|)/d, we learn perturbation-specific scaling



| Uncalibrated | Temperature Scaling | ReCalX

Dataset | OB CER™s | CEQCs  CER™s | CEQC  CER™s | luax (%)
MLP Model

Electricity 0.0423 0.1534 0.0452 0.1664 0.0097 0.0163 89.4%
Covertype 0.0412 0.0797 0.0564 0.1115 0.0047 0.0061 92.3%
Credit 0.2127 0.4763 0.2638 0.5961 0.0355 0.0533 88.8%
Pol 0.1740 0.6735 0.1689 0.6521 0.0570 0.1679 75.1%
Default-Credit 0.0589 0.2449 0.0593 0.2461 0.0073 0.0135 94.5%
Higgs 0.0203 0.0821 0.0262 0.1094 0.0012 0.0023 97.2%
Housel6H 0.0017 0.0033 0.0017 0.0035 0.0015 0.0034 3.0%
California 0.0966 0.3985 0.1005 0.4298 0.0161 0.0364 90.9%
MagicTelescope 0.2126 0.5881 0.1954 0.5154 0.0261 0.0374 93.6%
Diabetes130US 0.0035 0.0095 0.0035 0.0093 0.0025 0.0046 51.6%
ResNet Model

Electricity 0.0032 0.0118 0.0090 0.0355 0.0017 0.0049 58.5%
Covertype 0.0439 0.0963 0.0614 0.1413 0.0058 0.0080 91.7%
Credit 0.0721 0.0830 0.0778 0.0847 0.0366 0.0773 6.9%
Pol 0.2853 0.8633 0.3187 1.0173 0.0727 0.0910 89.5%
Default-Credit 0.0675 0.2237 0.0532 0.1790 0.0087 0.0126 94.4%
Higgs 0.0214 0.0482 0.0243 0.0543 0.0018 0.0028 94.2%
Housel6H 0.0339 0.0882 0.0325 0.0818 0.0127 0.0167 81.1%
California 0.0200 0.0344 0.0198 0.0319 0.0078 0.0161 53.2%
MagicTelescope 0.1460 0.4200 0.1347 0.3805 0.0213 0.0276 93.4%
Diabetes130US 0.0087 0.0238 0.0079 0.0203 0.0041 0.0061 74.4%

Table 1: Calibration error comparison across datasets for MLP and ResNet models using mean value
replacement perturbation. CEI/?L/GS and C’E’,AQILAXs represent average and maximum KL divergence-
based calibration errors, across perturbation levels. Lower values indicate better calibration. The
improvement column ({44x) shows the relative reduction in maximum calibration error achieved
by ReCalX compared to uncalibrated models. ReCalX consistently outperforms both uncalibrated
models and Temperature Scaling across all settings, with improvements of up to 97.2%.

and shift parameters. Specifically, for each perturbation bin b € {1, ..., B}, we optimize parameters
ap > 0 (scaling) and ¢, € R (shift) that transform the predicted mean:

fl;reCalX(I7 57 {abv Cb}bB:1> = ap(s) - N(,LL(W(I’, S))? 0'2(71'(1'7 S))) + Ch(S)

where b(S) denotes the bin index corresponding to the perturbation level A(.S). This affine transforma-
tion is strictly monotonic in the predicted mean and thus satisfies the information-preserving property
(Proposition 4.2). The parameters {ay, cb}szl are optimized on a validation set by minimizing the
negative log-likelihood under different perturbation levels, analogous to the classification case. To
validate the effectiveness of ReCalX for regression, we conducted experiments on two tabular regres-
sion datasets: wine quality and houses from [7]. We trained simple MLP regression models with
one hidden layer of size 64 and Gaussian output distributions [3]]. Following the setup of our main
experiments, we used fixed baseline replacement with the feature mean as the perturbation strategy .
We evaluated calibration using the quantile-based calibration error by sampling 100 predictions from
the predictive distribution for each test instance and computing the empirical coverage at uniformly
spaced quantile levels. We report both the average calibration error across all perturbation strengths
(CE(i‘\gflﬁe) and the maximum calibration error across perturbation levels (C’Egﬁf;ffife), which directly
corresponds to the quantity C E™®*S analyzed in our theoretical results (Theorem 3.4). Table
presents the calibration errors before and after applying ReCalX. The results demonstrate that ReCalX
substantially reduces both average and maximum calibration errors under explainability-specific
perturbations, confirming that perturbation-specific recalibration is also effective for regression tasks.
These results indicate that ReCalX is capable of reducing miscalibration under explainability-specific
perturbations for regression tasks, supporting the generality of our theoretical framework beyond
classification problems.



Table 2: Quantile-based calibration errors on regression datasets before and after applying ReCalX.
Results show average (CE™NSs Y and maximum (CEMAXS ) calibration errors across perturbation

quantile quantile
strengths.
Dataset Uncalibrated ReCalX  Uncalibrated ReCalX
CByumie  CEquutic  CFquanie  CBquantie
wine quality 0.06495 0.01182 0.1053 0.0183
houses 0.18078 0.00741 0.2512 0.0178

C.3 Sensitivity to the Number of Bins

An important design choice in ReCalX is the number of bins B used to partition the perturbation space.
Each bin corresponds to a range of perturbation levels A\(S) and is assigned a separate temperature
parameter. In this section, we investigate the sensitivity of ReCalX to this hyperparameter and discuss
the associated trade-offs.

We conducted a dedicated ablation study using a Vision Transformer (ViT) model on ImageNet with
the same experimental setup described in the main paper. We systematically varied the number of
bins from 1 to 25 and measured the resulting calibration errors. Table [3| presents the average and
maximum KI.-based calibration errors across perturbation levels for different bin configurations.

Table 3: Impact of the number of bins on ReCalX calibration performance. Results show average
(@ E%gL) and maximum (C E'F}) calibration errors for a ViT model on ImageNet.

Number of Bins ReCalX CE%] ReCalX CEW%

1 0.0506 0.0915
3 0.0137 0.0440
5 0.0092 0.0215
10 0.0075 0.0138
15 0.0070 0.0128
20 0.0070 0.0116
25 0.0067 0.0116

The results reveal that increasing the number of bins generally improves calibration performance. This
is expected because a finer-grained binning strategy allows ReCalX to learn a more nuanced set of
temperatures that better match the model’s varying calibration properties across different perturbation
levels. The most significant improvements occur when increasing from 1 bin (equivalent to standard
temperature scaling) to approximately 10 bins. Beyond this point, the reduction in calibration error
exhibits diminishing returns and eventually saturates.

This presents a trade-off between calibration granularity and computational cost during the one-time
setup phase. A higher number of bins enables ReCalX to learn more fine-grained temperature
parameters, better adapting to the model’s specific miscalibration at different perturbation levels. As
shown in Table[3] this generally leads to lower maximum calibration error. However, each bin requires
a separate temperature parameter to be optimized on the validation set. Therefore, increasing the
number of bins linearly increases the computational effort associated with the calibration procedure.

Our empirical results indicate that the performance gains from adding more bins diminish and
eventually saturate around 10 bins. To manage this trade-off, we recommend choosing a moderate
number of bins (e.g. 10) that captures most of the potential calibration improvement without incurring
unnecessarily high computational cost during setup.

C.4 Sensitivity to Calibration Set Size

To investigate the sensitvity of ReCalX to the amount of validation data, we performed an ablation
study on a Vision Transformer (ViT) model on ImageNet, systematically varying the number of
samples in the calibration set from 10 to 1000. For each calibration set size, we randomly sampled the
specified number of validation examples and optimized the ReCalX temperatures using the procedure



described in Section 4. To account for sampling variability, we repeated this process with 10 different
random seeds and report the average calibration errors.

The uncalibrated baseline model exhibited calibration errors of 0.0936 (average) and 0.2618 (max-
imum) across perturbation levels. Table [ presents the resulting calibration errors after applying
ReCalX with different calibration set sizes.

Table 4: Impact of calibration set size on ReCalX performance. Results show average (CE%S ) and
maximum (C ERY) calibration errors for a ViT model on ImageNet, averaged over 10 random seeds.
The uncalibrated baseline errors were 0.0936 (avg) and 0.2618 (max).

Calibration Set Size ReCalX CER; ReCalX CERx

10 0.0175 0.0743
25 0.0099 0.0346
50 0.0045 0.0115
75 0.0035 0.0088
100 0.0031 0.0063
200 0.0028 0.0060
500 0.0021 0.0027
1000 0.0021 0.0025

The table shows that even a small, randomly selected validation set of 50-100 samples is sufficient to
achieve the vast majority of the potential calibration improvement. Beyond 100 samples, the gains
continue but with diminishing returns, and performance largely saturates around 500 samples.

C.5 Temperature Relationship Across Perturbation Types

An important question is whether the temperature parameters learned by ReCalX for one perturbation
strategy may even generalize to other perturbation types. To investigate this, we leveraged the
experiments already conducted in the main paper, where we optimized two separate sets of ReCalX
temperatures for different classifiers on ImageNet, one using blur perturbations and another using
zero-baseline replacement perturbations. This allows us to compute the correlation between the
resulting sets of bin-specific temperatures across the perturbation levels to assess their correspondence.

Table 5] presents the Pearson correlation coefficients between the temperature parameters computed
across all perturbation bins for each model architecture.

Table 5: Pearson correlation between ReCalX temperature parameters learned for blur perturbations
versus zero-baseline replacement perturbations across different model architectures on ImageNet.

Model Pearson Correlation
ResNet50 0.984
DenseNet 0.975
ViT 0914
SigLip 0.956

The results show strong positive correlations across all architectures, ranging from 0.914 to 0.984.
This suggests that a model’s underlying miscalibration patterns exhibit substantial similarity across
different perturbation types. While these findings suggest that ReCalX temperatures may offer some
degree of generalization across perturbation strategies, we recommend explicitly calibrating ReCalX
for the specific perturbation strategy being used. This ensures that the theoretical benefits of our
method are fully realized for the explanation method at hand.

C.6 ReCalX with Domain-Specific Perturbations
To further validate the generality of ReCalX beyond simple perturbation strategies, we conducted

additional experiments evaluating its performance with more complex, domain-aware perturbation
methods. Specifically, we chose two advanced inpainting techniques available in the official SHAP
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library [19], which leverage the inpaint_telea and inpaint_ns algorithms provided by the
OpenCV package. Unlike simple blurring or zero-filling, these methods are designed to fill corrupted
image regions in a semantically plausible way by incorporating information from the surrounding
pixels through partial differential equation-based reconstruction. Both approaches aim to generate
realistic replacements that better preserve the natural image statistics compared to fixed baseline
strategies, making them particularly suitable for explaining vision models where context matters.
We evaluated the performance of ReCalX on a Vision Transformer (ViT) model when using these
inpainting methods on ImageNet. Table[6]shows the average and maximum KL-divergence calibration
errors before calibration (Initial), after applying standard temperature scaling (TS), and after applying
ReCalX with 10 perturbation-specific bins.

Table 6: Calibration errors for domain-specific inpainting perturbations on ViT. Results compare
uncalibrated models (Initial), standard temperature scaling (TS), and ReCalX across two advanced
inpainting methods.

Perturbation  Initialayg  Initialyax  TSave  TSmax  ReCalXay,  ReCalXppax

inpaint_ns 0.3796 1.0337  0.2327 0.6890 0.0305 0.1012
inpaint_telea  0.3843 1.0612  0.2370 0.6993 0.0293 0.0991

The results demonstrate that ReCalX remains highly effective and substantially reduces calibration
error even for these sophisticated, domain-specific perturbations.

C.7 Calibration Error Plots for Vision Models

In Figure[I] we provide calibration error plots for additional vision models obtained based on fixed
baseline perturbation with zeros, and in Figure 2] corresponding ones using the blur perturbation.
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Figure 1: Calibration error results for additional image classifiers on ImageNet under fixed baseline
perturbation with zeros. Across all methods, miscalibration varies significantly across the perturbation
severity. While also for most image models the error tends to grow with perturbation level, this
behavior is not always consistent. This flexible behavior highlights the importance of calibration
strategies that are adaptive to the perturbation strength.

C.8 Global Remove and Retrain Fidelity
In Figure 3] we provide additional remove and retrain fidelity results for additional datasets based

on Shapley Values, and in Figure [d] we report corresponding results using LIME as the underlying
explanation method.
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Figure 2: Calibration error results for popular image classifiers on ImageNet under blur perturbation
with zeros. Across all methods, miscalibration varies significantly across the perturbation severity.
While also for most image models the error tends to grow with perturbation level, this behavior is not
always consistent. This flexible behavior highlights the importance of calibration strategies that are
adaptive to the perturbation strength.

D Computational Costs of ReCalX

In this section, we demonstrate that the additional computational cost of ReCalX at inference time
when an explanation is actually generated is negligible. This is because the total explanation time is
overwhelmingly dominated by the repeated model queries required by the perturbation-based method
itself. In contrast, ReCalX only adds two trivial operations: a quick temperature lookup based on the
perturbation level and a single division operation on the model’s logits. To quantify this overhead, we
measured the per-explanation computation time for various models on ImageNet when generating
explanations with and without ReCalX. Table[7]shows the additional computation time in seconds
induced by ReCalX when computing different explanation methods, averaged over 100 runs. The
results confirm that the extra time is minor and typically in the order of milliseconds, representing a
negligible fraction of the total explanation time.

Table 7: Additional inference time (in seconds) induced by ReCalX when generating explanations,
averaged over 100 runs on ImageNet. The overhead is negligible compared to the total explanation
computation time.

Method ResNet18 DenseNet ViT SigLip

LIME 0.0193s 0.0219s  0.0184s  0.0210s
Shapley Values  0.2587s 0.2517s  0.1754s  0.3431s
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Figure 4: Retraining results on different tabular datasets for an MLP (first and second row) and
a ResNet (third and fourth row) when the features are removed based on their global importance
estimated via LIME. Whenever calibrated explanations imply a different importance ranking (green
area), the resulting performance loss is consistently higher compared to the uncalibrated importance
indications. Hence, ReCalX enables better identification of truly relevant features that are crucial for
good performance.
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