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Target-Agnostic Calibration under Distribution Shift with
Frequency-Aware Gradient Rectification

Yilin Zhang'! Cai Xu'! You Wu' Ziyu Guan' Wei Zhao'

Abstract

Real-world model deployments inevitably en-
counter distribution shifts, rendering the confi-
dence estimates of deep neural networks highly
unreliable, posing severe risks in safety-critical
applications. Existing methods improve cali-
bration via training-time regularization or post-
hoc adjustment, but often rely on access to (or
simulation of) target domains, limiting practi-
cality. We propose Frequency-aware Gradient
Rectification (FGR), a target-agnostic training
framework for robust calibration. From a fre-
quency perspective, FGR applies low-pass fil-
tering to a subset of training images to dimin-
ish spurious high-frequency cues and encourage
the learning of domain-invariant features. How-
ever, the associated information loss can degrade
In-Distribution (ID) calibration. To resolve this
trade-off, FGR treats ID calibration as a hard con-
straint and rectifies conflicting parameter updates
via geometric projection. This ensures a first-
order non-increase in the ID calibration objective
without introducing an additional loss-balancing
coefficient. Extensive experiments on synthetic,
real-world, and semantic shift datasets demon-
strate that FGR significantly improves calibration
under diverse shifts while preserving ID perfor-
mance, and it remains compatible with post-hoc
calibration methods. Our code is available at
https://github.com/YilinZhang107/FGR-Calib.

1. Introduction

Overconfident errors can lead to catastrophic consequences
for artificial intelligence models. Therefore, it is equally
critical for deployed models to provide reliable confidence
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Figure 1. Comparison of Grad-CAM heatmaps and reliability
diagrams under distribution shift. Existing methods produce over-
confident incorrect predictions based on spurious noisy patterns,
whereas our method relies on domain-invariant features and pro-
vides more reliable confidence estimates.

estimates alongside accurate predictions, especially in high-
stakes applications such as autonomous driving (Cao et al.,
2024) and clinical diagnostics (Penso et al., 2024). Calibra-
tion quantifies the alignment between predicted confidence
and true accuracy, e.g., among predictions with 0.6 confi-
dence, approximately 60% should be correct.

In practical deployment, models inevitably encounter dis-
tribution shifts, where test inputs differ from the training
data due to common factors (as shown in the left part of
Figure 1) like weather changes, lighting variations, and sen-
sor inconsistencies (Ovadia et al., 2019; Naganuma et al.,
2025). These universal shifts make calibration exceptionally
difficult: models often fail to generalize their confidence es-
timates, leading to dangerous overconfidence on shifted data.
Consequently, maintaining robust calibration under diverse
and unforeseen shifts remains a significant challenge.

Existing approaches addressing this issue can be broadly
divided into Target-Domain-Aware and Target-Domain-
Agnostic methods. Target-Domain-Aware methods leverage
information from target domains or domain generation rules
to learn adaptive calibration strategies (Tomani et al., 2021;
Yu et al., 2022). These approaches either utilize known
multi-domain data to train input-specific calibration func-
tions, or construct validation sets that simulate target domain
characteristics for temperature scaling (Wang et al., 2024).
However, because these methods depend on explicit or simu-
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lated target domain information, their practical applicability
in real-world scenarios is limited, particularly when faced
with diverse and unknown distribution shifts.

In contrast, Target-Domain-Agnostic methods do not require
access to target domain information, instead implicitly sup-
press overconfidence through training-time modifications.
Key paradigms include: (1) Calibration-aware losses. For
example, Focal Loss reweights easy examples (Mukhoti
et al., 2020), and MaxEnt Loss encourages predictions to
stay close to the statistical patterns observed during training,
reducing overreaction to unseen shifts (Neo et al., 2024).
(2) Regularization techniques like label smoothing (Miiller
et al., 2019) and Mixup (Thulasidasan et al., 2019), which
prevent overly sharp predictive distributions. While these
methods can mitigate miscalibration, they lack explicit
mechanisms to handle distribution shifts, often providing
only indirect benefits in such scenarios.

To solve this problem, we revisit the reasons for overcon-
fidence on shifted data: distribution shifts predominantly
alter high-frequency visual patterns, which deep models of-
ten exploit as shortcut cues to form overly sharp predictive
distributions (Geirhos et al., 2020). Therefore, relying on
these unstable cues often leads to overconfident mispredic-
tions—for instance, misclassifying vehicles based on image
noise rather than their invariant shape. Motivated by this,
we apply DCT-based low-pass filtering to suppress high-
frequency cues, encouraging the model to rely on shape-
related information that remains consistent across distri-
butions. As illustrated in Figure 1, this guides the model
to focus on robust semantic features rather than spurious
texture patterns. However, due to information loss, filter-
ing may also disrupt the fine-grained decision boundaries
needed for ID performance, leading to underconfidence.

To resolve this critical trade-off, we propose a training-time
gradient rectification strategy that treats ID calibration as a
hard constraint during optimization. Specifically, we train
the model on a hybrid input set combining original and
filtered images. In each step, we compute the geometric
relationship between the main loss gradient (e.g., Focal
Loss) on the hybrid batch and the ID calibration loss gradi-
ent (e.g., Soft-ECE (Karandikar et al., 2021)). When these
gradients conflict, we project the main gradient onto the
hyperplane orthogonal to the calibration gradient, ensuring
under a first-order approximation that the update does not
increase the ID calibration loss. This weight-free projection
step successfully balances calibration improvements under
distribution shifts with strong ID performance. Overall, our
contributions are summarized as follows:

* Building on the insight that distribution shifts primarily
alter high-frequency visual patterns, we introduce DCT-
based low-pass filtering to suppress spurious shortcuts
and encourage domain-invariant feature, improving

calibration under shift without target domain access.

* We propose FGR to resolve the trade-off between shift
robustness and ID performance by treating ID calibra-
tion as a hard constraint and projecting conflict gradi-
ents during optimization, with theoretical guarantees.

» Extensive experiments on various shift datasets show
FGR substantially improves calibration (reducing ACE
by 40% on Camelyon17) while preserving ID perfor-
mance and compatibility with post-hoc methods.

2. Related Work

Uncertainty Calibration. Approaches to improve the cali-
bration are typically categorized into post-hoc and training-
time methods. Post-hoc methods are applied to pre-trained
models without altering their weights. A widely used
baseline is Temperature Scaling (TS) (Guo et al., 2017),
which optimizes a single scalar to rescale logits. More
flexible alternatives include p-Norm scaling (Zhang & Xie,
2025), which generalizes TS via norm-based adjustments,
and isotonic regression (Zadrozny & Elkan, 2001), a non-
parametric approach that fits a monotonic mapping between
predicted confidence and empirical accuracy. (Tao et al.,
2025) clips the feature magnitudes of overconfident samples
to increase their predictive entropy. Training-time meth-
ods aim to learn calibrated models directly by modifying
the loss function or optimization process. Representative
approaches include MMCE (Kumar et al., 2018), AvUC (Kr-
ishnan & Tickoo, 2020), Soft-ECE (Karandikar et al., 2021)
and Dual Focal Loss (Tao et al., 2023b), which directly
penalize miscalibration or down-weight confident predic-
tion. Recent evidential methods estimate uncertainty via
Dirichlet-distributed class evidence (Chen et al., 2026). Lin
et al. (2025) modulate the updated scaling gradient using
the uncertainty of each sample. In addition, regularization
techniques such as Label Smoothing (Miiller et al., 2019),
Mixup (Zhang et al., 2021) and CutMix (Yun et al., 2019)
can provide indirect calibration benefits.

Calibration under Distribution Shift. While the aforemen-
tioned methods perform well in-distribution, their calibra-
tion performance is often fragile to distribution shifts (Ova-
dia et al., 2019). To address this, adaptive temperature scal-
ing methods (Yu et al., 2022; Wang et al., 2024; Choi et al.,
2024) train regressors using augmented validation sets or
known auxiliary domains to estimate input-specific temper-
ature. Other methods incorporate feature density (Tomani
et al., 2023), Bayesian inference (Seligmann et al., 2023),
or prior training states (Tao et al., 2023a), or test-time dis-
tribution estimation for vision-language models (Han et al.,
2025) to enhance calibration under shift, often at the cost
of additional computation or assumptions. Data augmen-
tation can also improve robustness by exposing the model
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Figure 2. Overview of the proposed method. We apply DCT-based low-pass filtering to a subset of training data to suppress high-frequency
features and construct a hybrid dataset Dnix. During optimization, we compute gradient gmain 0n Dmix and geaip 0n Dorig, and apply
gradient rectification when they conflict to prevent degradation of ID calibration.

to varied inputs (Hendrycks et al., 2020). However, these
methods often rely on auxiliary domains, model priors, or
handcrafted regularizers—Ilimiting their applicability under
unknown or dynamic shifts.

Frequency-Domain Robustness. Recent frequency-
domain studies reveal insights into model robustness (Vaish
etal.,2024). Yin et al. (2019) show that models often exploit
high-frequency non-robust statistics, while Fridovich-Keil
et al. (2022) reveal model sensitivity to spectral character-
istics of input images. Li et al. (2023) demonstrate that
discarding high-frequency components can preserve seman-
tically meaningful information through DCT. Wang et al.
(2023) found that the model relies on specific frequency
characteristics in the data as a shortcut for classification.
Building upon these insights, our work leverages frequency
filtering to build inherent distribution shift calibration ro-
bustness without any target information.

3. Problem Formulation

We consider a image classification task over a dataset D =
{(=z;,y:)}Y, with N samples, where x; € X represents the
inputand y; € {1,2,..., K} denotes the ground-truth class
label for K classes. A neural network f(#) with parameters
6 maps input x; to logits z; = f(x;;6). After applying the
Softmax function, the predicted probability for class k is

exp(zik)

given by p;r, = SE oGl The predicted class label ;
Jj=1 ¥

and corresponding confidence p; are defined as:

Ui = argmax pik, pi = max pik, ke{l,....,K}. ()

A model is perfectly calibrated if its confidence scores ac-
curately reflect the true likelihood of correctness, formally

satisfying P(§ = y|p = p) = p for all p € [0,1]. In prac-
tice, since the true posterior distribution is unknown, this
ideal condition is approximated by partitioning predictions
into bins based on confidence levels (Gawlikowski et al.,
2023).

Expected Calibration Error (ECE): ECE is the most
widely-used metric to quantify calibration performance.
The confidence interval [0,1] is partitioned into M bins
{B,,}M_,, where bin B,, contains all samples with con-
fidence p € (2L, 2], Then, ECE is calculated as the
weighted average of absolute differences between accuracy
and confidence across all bins:

M
B,
ECE = Z %|acc(3m) — conf(B,)|. (@)

m=1

where acc(B,,) and conf(B,,,) represent the empirical ac-
curacy and average confidence within bin B,,, respec-
tively. Additional calibration metrics include Classwise
ECE (CECE) (Kull et al., 2019), which evaluates calibration
separately for each class to identify class-specific miscalibra-
tion patterns, and Adaptive Calibration Error (ACE) (Nixon
et al., 2019), which employs adaptive binning to mitigate
estimation instability in sparse confidence regions. Detailed
formulations are provided in Appendix C.1.

Distribution Shift Calibration: In real-world deployment,
models encounter distribution shifts where test data Dye
differs from training data Dy,i,. Our goal is to learn a
model that maintains well-calibrated predictions on both
in-distribution data and under various unseen distribution
shifts, without requiring access to target domain information
during training.
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4. Method

From a frequency perspective, we first use low-pass filtering
to enhance robustness under distribution shift. However,
this introduces a trade-off, as filtering can degrade ID cali-
bration by causing underconfidence. We resolve this with a
gradient rectification mechanism that treats ID calibration
as a hard, first-order constraint, ensuring robustness gains
do not compromise ID performance.

4.1. Low-Pass Filtering for Robust Features

Prior work has shown that distribution shifts often alter
high-frequency visual patterns that models exploit as predic-
tive shortcuts (Fridovich-Keil et al., 2022; Li et al., 2023).
This can lead to overconfident predictions based on fea-
tures with spurious correlations. Motivated by this observa-
tion, we apply a low-pass filter to suppress source-specific
high-frequency cues, thereby encouraging the model to rely
more on domain-invariant semantic features under shift. We
specifically choose a Discrete Cosine Transform (DCT)-
based approach (Khayam, 2003) for its strong energy com-
paction property and block-wise processing, which avoids
the global ringing artifacts of Fourier-based methods. This
makes it highly effective for preserving core semantics while
robustly discarding high-frequency noise.

At the beginning of each training epoch, we randomly select
a proportion p of the training samples and apply the low-
pass filtering to obtain a filtered subset Dgy. The remaining
(1—p) portion of samples are kept unchanged, forming the
unfiltered subset Doj,. We then define the hybrid training
set as Dyix = D U Doy -

For the filtering process, we implement the DCT approach
using a block-wise method. Given an input image = €
REIXWX3 e first convert it to the YCbCr color space.
Each channel is then partitioned into non-overlapping 8 x 8
blocks. This local processing is robust to common texture
distortions without introducing global artifacts. We apply a
2D-DCT to each block x:

Fb = DCT((L’[,), (3)

where F, € R8*® contains the frequency coefficients.
These coefficients are then quantized by dividing element-
wise with the given quantization matrix Q) and rounding
to the nearest integer:

(@) _ Fy >
F,” =round | — |, 4
b (QA @

where A € [1,100] controls the filtering strength. Qj is
obtained by scaling standard JPEG tables, making the fil-
tering intensity easily adjustable. A lower A corresponds
to more aggressive filtering. The quantized coefficients are
then de-quantized and inversely transformed to reconstruct
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Figure 3. Effect of filtering strength A on ID calibration. Lower A
(more aggressive filtering) leads to underconfidence.

the filtered block:
Fy=FV-Qy @ =DCT (k). )

The final filtered image ' is formed by reassembling all &
blocks and converting back to the RGB space. This hybrid
strategy exposes the model to both original full-spectrum
inputs and low-pass filtered versions, discouraging reliance
on domain-specific artifacts.

4.2. Gradient Rectification

While low-pass filtering encourages the model to learn
domain-invariant features and improves robustness under
distribution shift, it may simultaneously degrade ID calibra-
tion performance. As shown in the reliability diagrams in
Figure 3, more aggressive filtering (i.e., a lower A\ value)
removes fine-grained cues, causing the model to become
underconfident on ID data. To address this fundamental
trade-off, we propose a gradient rectification mechanism
that treats ID calibration as a hard constraint during opti-
mization, rather than a competing objective. This ensures
that updates aimed at improving shift robustness do not com-
promise ID calibration. Specifically, our approach manages
two potentially conflicting objectives:

* Generalization Objective: We aim to learn robust
features through a main classification loss L., (€.2.,
Cross Entropy or Focal Loss) computed on the mixed
dataset Dy,ix containing both original and frequency-
filtered images. The gradient for this objective is:

main = VH »Cmain (97 Dmix ) . (6)

* ID Calibration Objective: We preserve ID calibration
through a explicit calibration loss Ly, (e.g., Soft-
ECE (Karandikar et al., 2021)) computed exclusively
on original training data Dys. The objective’s gradient
is:

gealib = Vo Leatib (05 Dorig)- @)
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When these two gradients conflict (i.e., point in opposite
directions), we rectify the main gradient by projecting it
onto the hyperplane orthogonal to the calibration gradient.
Otherwise, if the gradients are aligned, the update proceeds
normally, as illustrated in Figure 2 (right). Formally, the
final rectified gradient ggy,q is defined as:

Smain;
8final =
{gmain -
(3)

where € is a small constant for numerical stability. This
projection guarantees a non-increase of the ID calibration
loss Leaib to a first-order approximation, while avoiding any
additional loss-balancing coefficient (Yu et al., 2020; Zhu
et al., 2023).

if Smain * Scalib Z 0

Smain * Sealib otherwise,

[[&catib [|2+€ ealib

In our implementation, we adopt Dual Focal Loss
(DFL) (Tao et al., 2023b) as the main objective L, over
the mixed dataset D,,;x. DFL introduces a dual modulation
mechanism that penalizes both underconfident and overcon-
fident predictions, yielding better calibration potential than
standard cross-entropy. For a sample «, its formulation is:

K
»Cmain = - Z Yk (1 - ﬁk(w) + ﬁj (w))’y logﬁk(w)7 (9)
k=1

where j denotes the highest-scoring incorrect class and + is
a tunable focusing parameter.

To supervise ID calibration, we employ Soft-Binned ECE
(Soft-ECE) (Karandikar et al., 2021) as the calibration loss
Leaiiv, computed on unfiltered samples Dyye.  Soft-ECE
provides a differentiable approximation of the standard ECE
by using a soft, temperature-controlled binning function. Its
general form is:

o~ 1Sl 2\
Leaip = ( Z T|acc(5m) — conf(S,,)| ) ., (10)

where S, are soft bins derived from a membership function.
A detailed description of the Soft-ECE formulation and its
implementation is provided in Appendix C.4.2.

Projection Property. The rectification step is asymmet-
ric and should not be interpreted as exactly minimizing a
scalarized sum of the main and calibration losses. Instead,
FGR performs a one-sided constrained update: it follows
the main-loss gradient on Dy,;x whenever this direction is
compatible with ID calibration, and otherwise applies the
minimum correction needed to avoid increasing the ID cali-
bration loss to first order.

Proposition 4.1 (Projection-based ID calibration preserva-
tion). Assume L q;p is differentiable and g.q, 7 0. Let

Cp={g|g" geair >0}

be the set of update directions that do not increase the
ID calibration objective to first order. Ignoring the small
numerical stabilizer €, the FGR direction in Eq. (8) is the
Euclidean projection of main onto this half-space:

8FGR = arg min ||g - gmain”%- (] 1)
g€Cp

Consequently, for a sufficiently small step size 0,

Leaiin(0 — n8rer) < Leain(0) + O(n?). (12)

Proposition 4.1 is the exact optimizer-level statement used
in our analysis. It also clarifies the asymmetric nature of
FGR compared with standard multi-objective gradient meth-
ods: robustness and ID calibration are not treated as two
symmetric objectives with a tunable trade-off weight; rather,
ID calibration acts as a hard first-order constraint on the
robustness-oriented update. A surrogate joint-risk view can
still provide high-level intuition, but it is not an equiva-
lence to the implemented algorithm. The proof is given in
Appendix E.

5. Experiments

We evaluate our method on both synthetic and real-world
distribution shift benchmarks. Our experiments demon-
strate: (1) significant calibration improvements under distri-
bution shift while maintaining competitive accuracy; (2) its
ability to maintain strong calibration performance on clean
in-distribution data; (3) the necessity of both frequency fil-
tering and gradient rectification components; (4) gradient
conflict analysis reveals how our rectification mechanism
prevents overconfidence during later training phases; and
(5) improved focus on semantically meaningful features.

5.1. Experimental Setup

Datasets. We evaluate our method on a diverse set of bench-
marks. For synthetic shifts, we use CIFAR-10/100 and
Tiny-ImageNet as in-distribution (ID) data, with their cor-
responding corrupted versions (CIFAR-10/100-C, Tiny-
ImageNet-C) (Hendrycks & Dietterich, 2019) serving as
distribution shift test sets. These corrupted datasets cover 15
common corruption types across 5 severity levels. For real-
world shifts, we use Camelyon17, iWildCam, and FMoW
from the WILDS benchmark (Koh et al., 2021), which
feature naturally occurring domain shifts from different hos-
pitals, camera traps, and geographic regions, respectively.
Additionally, we evaluate on Office-Home (Venkateswara
et al., 2017), a multi-domain benchmark across four visually
distinct domains for semantic shift evaluation.

Compared Methods. We compare our training-time
method against a suite of strong baselines: standard Cross-
Entropy (CE), Label Smoothing (L.S-0.05) (Miiller et al.,
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Table 1. Test scores (%) of different methods on synthetic (top) and real-world (bottom) distribution shift test sets. For synthetic datasets,
results are averaged over 15 corruption types across 5 severity levels. The “w/ TS” columns show ECE values with temperature scaling

post-hoc calibration. The best scores are highlighted in bold.

CIFAR-10-C / DenseNet-121

CIFAR-100-C / DenseNet-121

Tiny ImageNet-C / DenseNet-121

Loss Fn. | Acc. ECE w/TS CECE ACE| Acc. ECE w/TS CECE ACE| Acc. ECE w/TS CECE ACE
CE 74.05 23.51 17.16 4.87 438 |48.44 41.21 13.31 091 0.74|24.27 25.83 36.23 0.44 043
LS-0.05 73.65 16.42 18.36 3.81 3.80 [ 51.37 19.47 1620 055 0.51(2596 16.11 16.11 037 0.39
Mixup 75.41 14.80 17.81 3.79 3.78 1 53.38 1243 16.32 0.50 0.53|26.26 11.75 16.77 0.37 0.40
AugMix 8249 11.03 8.1 3.31 324 59.87 16.14 7.84 050 049 |14.51 2255 11.98 048 0.50
FLSD-53 72.61 13.58 14.99 3.74 3.70 | 49.39 13.74 10.04 0.56 0.53|22.30 15.35 47.58 0.41 042
DFL 70.18 16.19 15.12 428 423]50.17 999 882 051 049|2384 13.12 1662 0.38 0.39
MaxEntM | 71.98 11.62 13.63 3.62 3.62 | 48.34 11.05 10.38 0.57 0.54|21.14 21.79 17.05 0.46 0.46
BSCE-GRA | 72.46 11.45 14.11 3.64 3.63(49.22 11.69 10.86 054 0.52]21.47 13.08 1996 040 041
FGR 7512 9.02 990 312 3.09|52.66 853 7.57 047 0462403 1239 11.16 040 0.38
Camelyon17 / DenseNet-121 iWildCam / ResNet-50 Fmow / DenseNet-121
Loss Fn. | Acc. ECE w/TS CECE ACE| Acc. ECE w/TS CECE ACE| Acc. ECE w/TS CECE ACE
CE 86.83 1223 6.18 12.612 12.186|77.51 1499 3.61 0.196 0.163|52.31 4194 570 142 1.01
LS-0.05 85.86 826 7.55 13.859 13.858 |77.39 8.60 598 0.224 0.230|50.89 33.64 6091 1.14 0.97
Mixup 88.33 2.62 205 10.097 10.105|75.85 3.50 3.88 0.164 0.159|51.53 25.16 553 098 0.76
AugMix 7099 16.99 8.19 19.678 19.680 | 49.07 22.18 336 0.409 0.419 |27.47 48.68 3.08 186 1.77
FLSD-53 87.10 6.33 367 11.787 11.788 |74.04 7.82 7.69 0.223 0.212|53.81 2872 4.09 1.03 0.80
DFL 88.03 274 2.12 9957 9956|7352 697 357 0.225 0.217 |53.55 26.59 430 097 0.77
MaxEntM | 85.67 3.96 271 12930 12932 |75.11 7.14 3.08 0.196 0.182|53.04 3069 485 1.09 0.85
BSCE-GRA | 86.44 553 250 11.336 11.334|75.19 5.02 3.74 0.150 0.156|53.53 27.40 3.60 0.99 0.77
FGR 89.19 236 1.82 5714 5.691|76.11 334 297 0.155 0.152|51.95 25.06 3.84 092 0.74

2019), Mixup (Zhang et al., 2021), AugMix (Hendrycks
et al., 2020), FLSD-53 (Mukhoti et al., 2020), Dual Focal
Loss (DFL) (Tao et al., 2023b), MaxEnt (Neo et al., 2024),
and BSCE-GRA (Lin et al., 2025). We also report results
with and without post-hoc Temperature Scaling (TS) (Guo
et al., 2017) to evaluate compatibility.

Implementation Details. For experiments on CIFAR and
Tiny-ImageNet, we follow the setup in (Mukhoti et al.,
2020), training ResNet-50/110, DenseNet-121, and Wide-
ResNet-26 models from scratch for 350 epochs. For our
FGR method, we also train from scratch, but introduce the
frequency filtering and gradient rectification starting from
epoch 200. This allows the model to first establish robust
classification boundaries before applying our calibration-
focused optimizations. For WILDS datasets, all methods
fine-tune ImageNet pre-trained models following the official
WILDS training protocols. FGR adds only 18% training
time compared to standard training (see Appendix D.6). Ad-
ditionally, we provide a two-stage fine-tuning approach that
can efficiently improve calibration of existing models with
reduced cost. Detailed hyperparameters and fine-tuning
configurations are provided in Appendix C.

5.2. Performance under Distribution Shift

We first evaluate our method on both synthetic corruption
datasets and real-world distribution shift benchmarks. Ta-
ble 1 summarizes the results across multiple datasets. On
synthetic shifts like CIFAR-10-C and CIFAR-100-C, our ap-

proach significantly reduces ECE compared to strong base-
lines like MaxEnt M and BSCE-GRA. This demonstrates
that encouraging reliance on domain-invariant features im-
proves robustness. Unlike methods with aggressive augmen-
tation such as AugMix, which perform well on synthetic
data but poorly on real-world WILDS datasets, our method
also generalizes effectively to real-world shifts. It outper-
forms all baselines on Camelyonl17 in both ECE (2.36%)
and CECE (5.714%), and remains competitive on FMoW
and iWildCam. The results in Table 1 (““w/ TS” columns)
also confirm that our method is compatible with post-hoc
temperature scaling, often leading to further calibration im-
provements.

Furthermore, Figure 4 shows that our method maintains
low ECE across all corruption severities, especially in high-
shift scenarios. Figure 5 further visualizes the reliability
diagrams on iWildCam test set, where our method achieves
the best alignment with the ideal diagonal line, indicating
superior calibration performance. Most importantly, while
significantly improving robustness under shift, FGR pre-
serves—and in some cases enhances—calibration on clean
In-Distribution data. Detailed comparisons on ID bench-
marks are provided in Appendix D.3.

5.3. Robustness on Semantic Shift Datasets

To evaluate robustness beyond synthetic corruptions and
natural shifts, we conduct experiments on Office-Home, a
semantic shift benchmark featuring four visually distinct do-
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Table 2. Performance on Office-Home dataset. Results are aver-
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Figure 5. Reliability diagrams of six methods on the distribution-
shift test set of iWildCam.

mains. Following standard domain generalization protocols
with leave-one-domain-out evaluation, we fine-tuned the
pre-trained ResNet-50 on three domains and test on the held-
out domain. Table 2 reports the average results across four
configurations. On both the ID and semantic shift test sets,
FGR demonstrated optimal calibration performance across
all metrics with negligible accuracy degradation. This indi-
cates that our frequency-based approach not only handles
low-level data corruption but also generalizes to high-level
semantic distribution shifts.

5.4. Ablation Study

We conduct two sets of ablation studies. First, Table 3
isolates the effects of frequency filtering and gradient rec-
tification on ID and synthetic-shift benchmarks. Second,

|Method  |Acc. T ECE | TS-ECE | CECE | ACE |
CE 63.22 18.63 3.12  0.858 0.527
FLSD-53 |63.44 695 334 0701 0.441
ID |DFL 63.06 893 321 0702 0457
BSCE-GRA|61.81 6.56  3.76  0.699 0.448
FGR 63.19 632 296  0.682 0.438
CE 3420 3645 1511 1429 1.238
FLSD-53 [3331 2292 17.03  1.084 0.995
00D |DFL 34.17 2291 1451 1061 0.975
BSCE-GRA| 3255 21.09 1529  1.052 0.991
FGR 34.03 2041 1393  1.018 0.971

Table 4 evaluates the same component-level variants on real-
world shifts and further compares FGR with PCGrad (Yu
et al., 2020) and CAGrad (Liu et al., 2021a), two symmetric
multi-objective gradient methods.

The results in Table 3 reveal a clear trade-off. Filter Only
can improve calibration under some shifts (e.g., ECE on
CIFAR-100-C is 9.70%), but it may substantially degrade
ID calibration (ECE on CIFAR-10 is 11.54%). Rect. Only
better preserves ID calibration, but does not provide suf-
ficient robustness under shift. Weighted Sum can work
after carefully adjusting the loss weight, but its behavior is
less consistent across datasets. In contrast, FGR combines
filtering with asymmetric rectification, achieving a better
calibration trade-off without introducing an additional loss-
balancing coefficient.

Table 4 shows that the same component-level trend also
appears on real-world shifts. To further examine whether
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Table 3. Ablation study results on In-Distribution (ID) and distribution shift test sets.

| In-Distribution Distribution Shift
Method CIFAR-10 CIFAR-100 Tiny-INet CIFAR-10-C CIFAR-100-C Tiny-INet-C
Acc.t ECEJ| | Acc.t ECEJ | Acc.t ECEJ | Acc.t ECEJ | Acc.t ECEJ | Acc.t ECEJ]
Filter Only 9521 1154 | 7790 11.65 | 64.33 2.92 75.17 9.78 51.12 9.70 2298 18.41
Rect. Only 95.19 2.24 78.21 2.96 64.02 7.76 7440 18.60 | 51.07 27.52 | 2271 26.62
Weighted Sum | 95.03 1.72 77.82 2.35 64.28 3.02 75.37 7.93 51.15  11.80 | 22.64 17.26
FGR 94.97 0.65 78.30 2.84 64.18 2.64 75.23 6.78 50.89 10.50 | 23.25 15.46

Table 4. Real-world ablation study on Camelyon17 and iWildCam. The best result in each column is highlighted in bold. PCGrad and
CAGrad replace the proposed one-sided rectification rule with standard multi-objective gradient-combination mechanisms.

| Camelyon17 | iWildCam
Method | Val Acc.t Val ECE | Test Acc.t Test ECE | Test NLL || Val Acc.t Val ECE | Test Acc.? Test ECE | Test NLL |
Filter Only 90.79 2.49 86.97 2.24 0.3125 62.07 10.28 73.34 2.57 1.1709
Rect. Only 91.29 1.73 87.12 2.57 0.3157 61.74 7.81 71.80 6.05 1.2035
Weighted Sum| 90.43 1.37 87.29 1.66 0.3046 64.02 13.15 72.27 11.17 1.4223
PCGrad 90.56 2.53 88.68 3.38 0.2909 59.94 10.51 77.21 2.74 1.0835
CAGrad 90.34 1.72 87.10 1.28 0.3165 60.39 9.48 74.92 4.51 1.1044
FGR 90.90 0.92 87.37 1.14 0.3091 63.61 8.19 75.22 2.62 1.0597
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Figure 6. Evolution of Gradient Conflict Ratio, Test Accuracy, and
Test ECE during training. FGR is activated at epoch 200, followed
by learning rate decay at epoch 250.

the benefit comes merely from applying a generic gradient-
conflict resolution method, we compare FGR with PC-
Grad (Yu et al., 2020) and CAGrad (Liu et al., 2021a). In
this comparison, PCGrad and CAGrad only replace our
asymmetric rectification rule, while the overall training set-
ting is kept unchanged. These symmetric multi-objective
methods can obtain higher shifted accuracy in some cases,
especially PCGrad on Camelyon17 and iWildCam, but FGR
achieves lower test ECE on both datasets. This is consistent
with our goal: FGR does not seek a symmetric compro-
mise between robustness and ID calibration, but follows the
robustness-oriented update while constraining ID calibration
from increasing to first order. The results therefore support
the importance of asymmetric rectification for calibration-
oriented performance under real-world distribution shifts.

Furthermore, we verify the versatility of FGR. As detailed
in Appendix D.4, FGR is compatible with various differen-
tiable calibration losses, consistently yielding performance
improvements regardless of the specific objective used.

5.5. Gradient Conflict Rate Analysis

To better understand the dynamics of our gradient rectifica-
tion mechanism, we track the gradient conflict rate through-
out training on CIFAR-10/100. Figure 6 visualizes the re-
lationship between conflict rate and test ECE over epochs
200-350. The results reveal two distinct phases. Initially
(epochs 200-250), both the gradient conflict rate and ECE
decrease rapidly as the model learns to balance the two ob-
jectives. However, after the learning rate decay at epoch
250, the conflict rate rises notably. This indicates that with a
smaller learning rate, the model tends to sharpen its predic-
tion distributions, which conflicts with maintaining calibra-
tion. Crucially, our gradient rectification successfully pre-
vents this sharpening from degrading calibration—despite
the increased conflict rate, ECE remains consistently low.
This validates that our projection-based rectification effec-
tively constrains the model from becoming overconfident
during the later training phase.

5.6. Start Epoch Sensitivity

Figure 7 evaluates activating both frequency filtering and
gradient rectification from epochs {0, 50, 100, 150, 200,
250} on CIFAR-10/100 and their corrupted counterparts.
This experiment specifically studies the start-epoch sensi-
tivity under the from-scratch training protocol used in our
main experiments. Starting too early can reduce ID accu-
racy, since filtering is imposed before the model has learned
stable discriminative features. Starting too late leaves too
few updates for shifted calibration to benefit. Across these
settings, activating FGR in the middle-to-late training stage
offers the best balance, which motivates our default start
epoch of 200. Additional sensitivity analysis for batch size
is provided in Appendix D.5.
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Table 5. Transformer backbone results on CIFAR-10/100 and Camelyon17. CIFAR-10-C and CIFAR-100-C results are averaged over all
corruption types and severities. For Camelyon17, ID denotes the validation split and OOD denotes the shifted test split.

Model ‘ Method ‘ CIFAR-10 CIFAR-10-C ‘ CIFAR-100 CIFAR-100-C ‘ Camelyon17-ID Camelyon17-OOD
Acc. ECE Acc. ECE | Acc. ECE Acc. ECE Acc. ECE Acc. ECE
CE 98.53 0.75 90.19 547 | 90.77 325 7394 9.76 92.31 6.71 82.37 16.27
ViT-Small DFL 9848 0.69 9037 2.62 | 9024 139 7340 4.26 80.94 10.90 72.93 9.15
FGR 98.37 042 90.79 280 | 9040 093 74.15 4.74 84.58 7.81 75.99 10.14
CE 97.87 0.97 84.62 838 | 87.77 287 6443 14.15 | 94.18 4.74 82.73 15.96
Swin-Tiny DFL 97.85 0.82 8523 521 | 87.27 0.99 63.73 9.54 82.65 7.27 87.17 9.54
FGR 97.86 046 8639 4.79 | 87.12 0.80 6539 8.18 90.68 6.16 91.46 8.21
CE 97.88 1.12 89.12 579 | 87.67 3.05 6835 1049 | 88.08 10.66 80.52 18.32
DeiT-Small | DFL 9791 2.08 89.68 299 | 87.37 4.61 68.37 5.44 87.01 8.03 73.85 11.74
FGR 98.02 0.76 89.31 298 | 87.29 2.21 68.80 4.96 85.57 5.06 82.29 8.95
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Figure 7. Sensitivity to the epoch at which FGR is activated.
We start frequency filtering and gradient rectification at differ-
ent epochs, and report In-Distribution accuracy and Distribution
Shifted ECE on CIFAR-10/100 and CIFAR-10/100-C.

5.7. Applicability for Transformer Backbones

Table 5 evaluates whether FGR also transfers to transformer-
based architectures, including ViT (Dosovitskiy et al., 2021),
Swin Transformer (Liu et al., 2021b), and DeiT (Touvron
et al., 2021). We initialize all backbones from ImageNet-
pretrained checkpoints, and perform full-parameter fine-
tuning on each target training set. On CIFAR-10/100, FGR
consistently reduces ID ECE for all three backbones while
keeping accuracy comparable to CE and DFL. Under syn-
thetic corruptions, FGR obtains the best or near-best shifted
ECE and often improves corrupted accuracy, especially on
Swin-Tiny and DeiT-Small. On Camelyon17, FGR also im-
proves OOD calibration over CE for all three architectures
and gives the lowest OOD ECE on Swin-Tiny and DeiT-
Small. These results suggest that the proposed filtering and
rectification mechanisms are not tied to convolutional induc-
tive biases and remain effective for transformer backbones.

5.8. Visualization of Model Focus

To understand how our method improves calibration, we
visualize model attention patterns on iWildCam using Grad-
CAM (Selvaraju et al., 2017). Figure 8 compares attention

compare attention maps of CE, BSCE-GRA, and our method.

maps across CE, BSCE-GRA, and our method. The visual-
izations reveal that baseline methods (CE and BSCE-GRA)
often attend to background regions or irrelevant patterns,
leading to misclassifications or overconfident incorrect pre-
dictions. In contrast, our method consistently focuses on
semantically meaningful regions of the target objects, result-
ing in both improved accuracy and better-calibrated confi-
dence estimates. This confirms that our frequency filtering
successfully guides the model to rely on domain-invariant
features rather than spurious high-frequency patterns.

6. Conclusion

In this paper, we presented Frequency-aware Gradient Rec-
tification (FGR), a target-agnostic training framework de-
signed to mitigate calibration degradation under distribution
shift without requiring target domain data. Our approach
integrates two complementary mechanisms: frequency-
domain filtering, which suppresses spurious high-frequency
patterns to encourage reliance on domain-invariant features,
and gradient rectification, which treats in-distribution cali-
bration as a hard constraint via geometric projection. Empiri-
cal results confirm that this weight-free rectification strategy
effectively resolves the fundamental trade-off between shift
robustness and ID performance, offering a practical solution
for trustworthy model deployment.
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A. Appendix.

This appendix provides comprehensive supplementary materials for our paper. We organize the content as follows:

¢ Section B presents the complete pseudocode for our Frequency-aware Gradient Rectification (FGR) method.

* Section C details the full experimental setup. This includes evaluation metrics (Section C.1), dataset descriptions and
preprocessing steps (Section C.2), model architectures and training configurations (Section C.3), and implementation
details for both our method and all baselines (Section C.4).

* Section D reports additional experimental results, including hyperparameter sensitivity analysis, a comparison of
training strategies, and a computational complexity analysis.

* Section E provides the proof of the projection property used by FGR.

* Section F discusses the limitations and scope of our method.

B. Overall Algorithm Description

Algorithm 1 summarizes our complete training procedure. The process begins with a warm-up phase, where the model
is trained using only the main loss. This is followed by the FGR phase, where in each training step, we sample batches
from both the mixed and original datasets to compute the main and calibration gradients, respectively, and apply gradient
rectification when their directions conflict.

Algorithm 1 Frequency-aware Gradient Rectification (FGR)

Input: Training set D, filtering ratio p, main loss focusing parameter v, FGR start epoch Fy
Output: Trained model parameters 0

1: Initialize model parameters 6

2: for epoch = 1 to Total Epochs do

3:  ifepoch <Fjpy then

4 // Standard training phase (warm-up)
5 for each batch b from D do
6: Compute main loss gradient gmain = Vg Lmain(0; )
7 Update 6 using gmain
8 end for
9 else
10: // FGR training phase
11: Randomly sample p portion of D to create Dy, via DCT filtering
12: Let Dorig =D \ Dsie, and Dpyix = Dy U Dorig
13: for each training step do
14: Sample a batch byix from Dy
15: Sample a batch byig from Dyig
16: Compute main loss gradient gmain = Vo Lmain (0; bmix)
17: Compute calibration loss gradient geaiib = Vo Leatib(; borig)
18: if main * Sealib < 0 then
19: final = main — Wgcahb
20: else
21: Sfinal = Smain
22: end if
23: Update € using gfnal
24: end for
25:  endif
26: end for

13
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C. Additional Experimental Details

In this section, we provide a comprehensive overview of our experimental setup, including evaluation metrics, dataset
specifics, model architectures, training configurations, and implementation details for both our method and the baselines.

C.1. Evaluation Metrics

We evaluate model calibration using the following metrics. All results reported in the paper are averaged over three
independent runs with different random seeds.

Expected Calibration Error (ECE): As defined in the main paper, ECE measures the difference between expected accuracy
and expected confidence. We compute ECE using M = 15 bins.

Class-wise ECE (CECE): To assess calibration on a per-class basis, we also report CECE (Kull et al., 2019), which averages
the ECE calculated for each class individually. This can reveal if miscalibration is concentrated in specific classes. The

formula is:
K M

1 |Bm,k‘
CECE = - > - |lacc(By k) — conf(By,. 1) (13)

n
k=1m=1

where K is the number of classes, By, i, is the m-th confidence bin for class k, and ny, is the number of samples in class k.
We also use M = 15 bins for CECE.

Adaptive Calibration Error (ACE): In addition to fixed-bin calibration metrics, we also report Adaptive Calibration Error
(ACE) (Nixon et al., 2019). ACE first calculates the calibration error independently for each category and then averages the
results. Within each category, the 0-1 confidence intervals are not uniformly partitioned. Instead, the predicted probabilities
for the samples in that category are sorted and divided into equal-sized bins. This approach prevents estimation instability
caused by insufficient samples in certain confidence intervals. Formally, ACE is defined as:

K M

1 1
ACE = 7 ,;_1 m§:1 i lacc(Byy, i) — conf(By, )| (14)
where K is the number of classes, By, ; denotes the m-th adaptive confidence bin for class k, constructed by sorting

predictions and equally partitioning them. In our experiments, we use M = 15 adaptive bins for ACE.

C.2. Datasets and Preprocessing
C.2.1. SYNTHETIC DISTRIBUTION SHIFT DATASETS

CIFAR-10/100 (Krizhevsky & Hinton, 2009): Both datasets consist of 50,000 training and 10,000 test images of size
32 x 32. We create a validation set by randomly sampling 10% of the training data. For training, we apply standard data
augmentation: RandomCrop (32, padding=4) and RandomHorizontalFlip. All images are normalized with
mean (0.4914, 0.4822,0.4465) and standard deviation (0.2023,0.1994, 0.2010).

Tiny-ImageNet (Le & Yang, 2015): This dataset contains 100,000 training and 10,000 test images from 200 classes,
downsized to 64 x 64. We form a validation set by sampling 50 images per class from the training set. Preprocessing is
identical to CIFAR, but with a crop size of 64.

Corrupted Test Sets: For evaluating robustness to synthetic shifts, we use CIFAR-10/100-C and Tiny-ImageNet-
C (Hendrycks & Dietterich, 2019). These test sets apply 15 common corruption types ( brightness, contrast, defocus
blurelastic transform, fog, frost, gaussian noise, glass blur, impulse noise, JPEG compression, motion blur,pixelate, shot
noise, snow,and zoom blur. at 5 severity levels, as illustrated in Figure 9. Our reported results are averaged over all 15
corruption types and 5 severity levels.

C.2.2. REAL-WORLD DISTRIBUTION SHIFT DATASETS (WILDS)

We use three datasets from the WILDS benchmark (Koh et al., 2021), following their official data splits and evaluation
protocols.

iWildCam: A multi-class classification dataset with 182 animal species and 323,847 camera trap images (204,888 training,
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Figure 9. Examples of different corruption applied to Tiny-ImageNet images at severity level 3.

23,014 validation, 95,945 test) at resolution 448 x 448. The distribution shift occurs across different camera deployment
locations, where cameras differ in angles, lighting conditions, backgrounds, and vegetation.

FMoW (Functional Map of the World): A multi-class classification dataset with 62 land use categories and 470,386
satellite images (362,538 training, 52,186 validation, 55,662 test) at resolution 224 x 224. It exhibits mixed distribution shifts
where images vary by capture time and geographic regions, leading to temporal and geographical distribution differences.

Camelyon17: A binary classification dataset for tumor tissue identification with 449,874 image patches (302,436 training,
69,137 validation, 78,301 test) at resolution 96 x 96. The domain shift occurs across different hospitals, where data collection
and processing methods vary.

For all WILDS datasets, we apply minimal preprocessing consisting of image resizing to the specified resolution, tensor con-
version, and normalization with ImageNet statistics (mean (0.485,0.456, 0.406), standard deviation (0.229, 0.224, 0.225)).
No data augmentation is applied during either training or testing phases.

C.2.3. MULTI-DOMAIN SEMANTIC SHIFT DATASET

Office-Home (Venkateswara et al., 2017): A multi-domain classification dataset with 65 object categories commonly found
in office and home environments. The dataset contains 15,500 images distributed across four distinct domains: Art (artistic
depictions), Clipart (clipart images), Product (images without background), and Real-World (images captured with regular
cameras). The domain shift arises from different visual styles and image capture methods across these four domains. Each
domain contains approximately 3,800-4,300 images. We follow the standard protocol where each domain is split into training
and test sets. Images are resized to 224 x 224 resolution. We apply standard preprocessing including tensor conversion
and normalization with ImageNet statistics (mean (0.485, 0.456, 0.406), standard deviation (0.229, 0.224,0.225)). The
evaluation focuses on the model’s ability to maintain calibration across different visual domains representing semantic shifts
in object appearance.

C.3. Model Architectures and Training Configurations

For CIFAR-10/100 and Tiny-ImageNet, we train models from scratch. The architectures include ResNet-50/110, DenseNet-
121, and Wide-ResNet-26, following the setup in Mukhoti et al. (2020). For WILDS datasets, we fine-tune models
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pre-trained on ImageNet that are available in forchvision (Torch Contributors, 2017), following the standard practice for this
benchmark. For Office-Home datasets, we also fine-tune ResNet-50 models pre-trained on ImageNet.

The architectures and training hyperparameters are summarized in Table 6 and Table 7.

Table 6. Training configurations for CIFAR-10/100, Tiny-ImageNet and Office-Home.

Parameter CIFAR-10/100 Tiny-ImageNet Office-Home
Optimizer SGD SGD SGD
Learning Rate 0.1 0.1 0.1
Momentum 0.9 0.9 0.9
Weight Decay Se-4 Se-4 Se-4
Batch Size 128 128 256
Total Epochs 350 100 90

LR Decay at 150, 250 40, 60 50,70
Pre-trained No No Yes

Table 7. Training configurations for WILDS datasets.

Parameter iWildCam FMoW Camelyon17
Model ResNet-50 DenseNet-121 DenseNet-121
Pre-trained ImageNet-1K ImageNet-1K ImageNet-1K
Optimizer Adam Adam SGD
Learning Rate 3e-5 le-4 le-3
Weight Decay 0.0 0.0 le-2
Momentum - - 0.9
Batch Size 32 64 512
Epochs 10 60 12
Scheduler None StepLR (step=1, v=0.96) None

C.4. Implementation Details of Methods

C.4.1. BASELINE METHODS

We compare against a comprehensive set of training-time calibration methods. Implementation details and sources are
provided in Table 8. For post-hoc calibration, we use Temperature Scaling (TS), where the temperature 7" is optimized on
the validation set via grid search over {0.1,0.11,...,5.0}.

Table 8. Baseline methods and their implementation details.

Method

Key Hyperparameters

Implementation Source

Cross Entropy (CE)

Standard loss function

Label Smoothing (LS) ~ Smoothing parameter ov = 0.05
Mixup Beta distribution parameter o = 0.3
AugMix Default parameters from official repo
FLSD-53 Focal loss with official settings

Dual Focal Loss (DFL)

MaxEnt

BSCE-GRA

Official v values per dataset

Regularization strength v = 1
Manually implemented based on the paper

PyTorch standard
Official MaxEnt implementation'
Official implementation®

Official implementation
Official implementation
Official implementation
Official implementation

3
4
5
1

"https://github.
https://github.
*https://github.
*https://github.
‘https://github.

com/dexterdley/MaxEnt—-Loss
com/facebookresearch/mixup-cifarl0
com/google-research/augmix
com/torrvision/focal_calibration
com/Linwei94/ICML2023-DualFocallLoss
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C.4.2. OUR METHOD (FGR)

Our Frequency-aware Gradient Rectification (FGR) method is built upon a dual-objective framework, using Soft-Binned
ECE (Soft-ECE) as the calibration loss Lcjp-

Calibration Loss: Soft-ECE. Standard ECE is non-differentiable due to its hard binning process. We employ Soft-
ECE (Karandikar et al., 2021), which replaces hard assignment with a differentiable soft binning mechanism. Given M bins
with centers &, = (m — 0.5)/M, the soft membership score u;,, for a prediction with confidence p; to bin m is defined
using a softmax function controlled by a temperature parameter ¢ > 0:

A _ 2
Uim = softmax,,, (—M) . (15)

Based on these soft memberships, the statistics for each bin .S,, are redefined as follows:

* Soft bin count: |S,,| = >, wis, + €, where € is a small constant (e.g., 10~'?) for numerical stability.
+ Soft bin accuracy: acc(S,,) = |s—1n‘ > Wim - 1[0 = vl

* Soft bin confidence: conf(S,,) = ﬁ D Wim - Pi-

The final Soft-ECE loss is then calculated using these differentiable statistics. Specifically, we use the Ly variant of
Soft-Binned ECE:

N

m=1

o 5 1/2
Leaip = (Z " ace(S,,) conf(Sm)|2> , (16)

where [V is the total number of samples in the batch. In our implementation, we use a fixed temperature of ¢ = 0.1 for all
experiments.

Hyperparameters. Our FGR method has three main tunable hyperparameters:

¢ Main Loss Focusing Parameter (): We use Dual Focal Loss (DFL) as L,;,- The focusing parameter -y is tuned
per dataset and architecture. For CIFAR and Tiny-ImageNet, the values depend on the training strategy (see Tables 9
and 10). For WILDS datasets, we use v = 7 for iWildCam, v = 5 for FMoW, and v = 5 for Camelyon17 in the
training-from-scratch setting.

« Filtering Ratio (p): For both synthetic and real offset datasets, this ratio is fixed at p = 0.05 for all experiments,
meaning 5% of the training data is filtered in each epoch. For the semantic offset dataset Office-Home, p is set to 0.1.

* DCT Compression Parameter (\): To introduce diversity, A is randomly sampled from {15, 18,25} for each filtered
image.

Training Strategies. To ensure a fair comparison with other methods, the results reported in the main body of the paper
for all datasets (CIFAR-10/100, Tiny-ImageNet, and WILDS) are based on training from scratch. This involves training
the model for its full duration (e.g., 350 epochs for CIFAR), using only the main loss for the first 200 epochs and then
introducing our full FGR mechanism from epoch 201 onwards.

Additionally, to demonstrate the practicality and computational efficiency of our method, we conducted experiments using
a two-stage fine-tuning strategy on CIFAR-10/100 and Tiny-ImageNet. In this setup, a model is first fully trained with
standard Cross-Entropy. Then, its backbone is frozen, and only the classification head is fine-tuned for a small number of
epochs using our FGR framework. This approach achieves comparable or even superior performance with significantly less
training time.

The optimal ~y values differ between these two strategies, as detailed in the tables 9, 10 below.

17



Target-Agnostic Calibration under Distribution Shift with Frequency-Aware Gradient Rectification

Table 9. Focusing parameter v for FGR when training from scratch.

Architecture CIFAR-10 CIFAR-100 Tiny-ImageNet

ResNet-50 3.0 2.0 3.0
ResNet-110 4.5 3.0 -
DenseNet-121 4.0 1.5 2.0
WideResNet-26 1.5 1.2 -

Table 10. Focusing parameter « for FGR in the two-stage fine-tuning strategy.

Architecture CIFAR-10 CIFAR-100 Tiny-ImageNet

ResNet-50 5.0 3.5 3.6
ResNet-110 1.5 4.0 -
DenseNet-121 5.5 34 -
WideResNet-26 1.5 2.1 -

D. Additional Experimental Results
D.1. Hyperparameter Sensitivity Analysis

We conduct a sensitivity analysis for the three main hyperparameters of our FGR method: the main loss focusing parameter
7, the filtering ratio p, and the DCT compression parameter \. All experiments are performed on CIFAR-10/100 using the
ResNet-50 architecture.

Focusing Parameter (). We analyze the impact of the focusing parameter v from the main loss (Dual Focal Loss). As
shown in Figure 10, we vary «y from 1 to 7 while keeping the filtering ratio fixed at p = 0.05. The results indicate that an
appropriate -y value is crucial for balancing accuracy and calibration. For each dataset and architecture combination, we
select the ~y that yields the best ECE on the in-distribution validation set, and use this value for all reported experiments.

Filtering Ratio (p). Figure 11 (left) shows the effect of the filtering ratio p. We observe that the best calibration performance
is achieved when p is in the range of [0.05, 0.1]. A small ratio ensures that enough original samples are available for the
calibration objective, while still providing sufficient frequency-filtered samples for the main objective to learn robust features.
An excessively large p can harm in-distribution performance by reducing the number of clean samples used for calibration.
We fix p = 0.05 for all our experiments.

DCT Compression Parameter ()\). The sensitivity to the DCT compression parameter A is shown in Figure 11 (right).
Smaller values of A correspond to more aggressive filtering of high-frequency components. The results show that while
aggressive filtering can improve calibration under distribution shift (OOD ECE), it may slightly degrade in-distribution (ID)
calibration. The optimal trade-off is found when A is in the range of [15, 25]. To introduce diversity and avoid overfitting to
a single filtering level, we randomly sample A from {15, 18, 25} for each filtered image in our experiments.

CIFAR-10 CIFAR-100
20 100 25
Acc Shift 80
Acc ID
15 Ece shitt |90 = 20 70
—_ ECEID S~ S
X 80 > X 15 >
~ o 60 O
w 10 o w ®
8 70 3 8 10 503
5 < <
60 5
0 1 2 3 4 5 6 7 50 0 1 2 3 4 5 6 7
Y Y

Figure 10. Hyperparameter sensitivity analysis for the focusing parameter v on CIFAR-10 and CIFAR-100 with ResNet-50.
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Figure 11. Sensitivity analysis of filtering ratio p (left) and DCT compression parameter A (right) using ResNet-50 on CIFAR-10 and
CIFAR-10-C.
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Figure 12. Joint sensitivity of FGR to filtering ratio p and DCT compression parameter A\ on in-distribution evaluation. For CIFAR
datasets, we report clean test accuracy and ECE; for iWildCam, we use the validation split as the in-distribution-side model-selection
proxy.

We further conduct a two-dimensional sensitivity analysis over the filtering ratio p and the DCT compression parameter
A. We evaluate p € {0.03,0.05,0.10} and X € {15,18,25} on CIFAR-10, CIFAR-100, and iWildCam. All results are
averaged over three random seeds. For CIFAR-10 and CIFAR-100, we report both clean-set performance and corrupted-set
performance on CIFAR-10-C and CIFAR-100-C. For iWildCam, we report performance on the shifted test split.

Figures 12 and 13 show a consistent pattern across datasets. The filtering ratio p is the dominant factor controlling the ID—
OOD trade-off. Smaller p better preserves clean-side performance, whereas larger p generally improves shifted calibration
but may introduce a larger clean-side cost. By comparison, the effect of \ is weaker within the moderate range {15, 18, 25},
suggesting that FGR is not brittle to the exact compression strength. Overall, p = 0.05 provides a strong default trade-off on
CIFAR-10 and iWildCam, while CIFAR-100 benefits slightly more from stronger filtering. These results support using p as
the primary practical knob for controlling the robustness-calibration trade-off.
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Figure 13. Joint sensitivity of FGR to filtering ratio p and DCT compression parameter A under distribution shift. Results are shown for
CIFAR-10-C, CIFAR-100-C, and iWildCam. Across datasets, p acts as the main accuracy-calibration trade-off parameter, while A has a
comparatively smaller effect within the tested range.

D.2. Comparison of Training Strategies

To ensure a fair comparison with baseline methods, all results reported in the main body of the paper are based on a training
from scratch strategy. This involves training the model for its full duration (e.g., 350 epochs for CIFAR), introducing our
FGR mechanism after an initial warm-up phase (e.g., from epoch 201).

In this section, we present an alternative two-stage fine-tuning strategy, designed to demonstrate the practicality and
computational efficiency of our method. In this setup, a model is first fully trained with standard Cross-Entropy. Then, its
backbone is frozen, and only the classification head is fine-tuned for a small number of epochs using our FGR framework.

First, Tables 11 and 12 provide a direct comparison between the two strategies on CIFAR-10/100 using a ResNet-50
architecture. The results show that both approaches achieve comparable performance on both in-distribution and distribution
shift test sets.

Table 11. Comparison of training strategies on in-distribution test sets (ResNet-50).

Strategy CIFAR-10 CIFAR-100
ACC ECE | ACC ECE

Training from Scratch | 94.97 0.65 | 78.30 2.84
Two-stage Fine-tuning | 95.06 0.58 | 78.01 2.49

Table 12. Comparison of training strategies on distribution shift test sets (ResNet-50).

CIFAR-10-C  CIFAR-100-C
ACC ECE | ACC ECE

75.23  6.78 | 50.89 10.50
7553 7.07 | 51.33 9.94

Strategy

Training from Scratch
Two-stage Fine-tuning
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Furthermore, to demonstrate that this efficient two-stage strategy is competitive against state-of-the-art methods, Table 13
presents a detailed comparison on synthetic distribution shift benchmarks using the ResNet-50 model trained with our
two-stage approach. The results show that our method consistently outperforms all baselines in calibration metrics (ECE
and CECE) under distribution shift, confirming the effectiveness of the fine-tuning strategy.

Table 13. Test scores (%) of different methods on synthetic (top) and real-world (bottom) distribution shift test sets. For synthetic datasets,
results are averaged over 15 corruption types across 5 severity levels. The “w/ TS” columns show ECE and CECE values with temperature
scaling post-hoc calibration. The best average scores are highlighted in bold.

CIFAR-10-C / ResNet-50 CIFAR-100-C / ResNet-50 Tiny ImageNet-C / ResNet-50
Loss Fn. |ACC. ECE w/TS CECE w/ TS|ACC. ECE w/TS CECE w/TS|ACC. ECE w/TS CECE w/TS

CE 74.59 22.60 1520 4.71 3.56 |51.03 38.29 14.11 0.85 0.47 |24.29 35.52 1425 0.52 0.39
LS-0.05 |75.15 13.68 15.19 3.33 3.52 |50.73 11.05 10.72 0.46 0.45 [24.65 13.95 15.06 0.37 0.40
FLSD-53 |73.45 14.65 13.86 3.74 3.66 [49.31 20.63 13.27 0.61 0.55 |21.90 17.13 26.40 0.43 0.48

DFL 72.61 14.02 13.84 3.73 3.71 |49.80 12.15 12.61 0.52 0.52 |23.67 20.31 16.71 0.44 0.42
MaxEnt M |75.20 11.21 11.38 3.20 3.22 |47.71 16.73 15.16 0.62 0.61 |19.61 27.24 17.48 0.50 0.45

BSCE-GRA|72.23 13.29 13.47 3.68 3.70 |48.46 16.42 13.61 0.58 0.56 [22.95 20.42 47.77 0.45 0.63

FGR 75.53 7.07 7.07 270 2.70 |51.33 9.94 1045 044 0.47 [23.57 16.46 12.96 041 0.38

While both training strategies demonstrate similar effectiveness, we recommend the two-stage fine-tuning approach for
practical implementation. This preference is motivated by two key advantages: (1) Strong Foundation: The initial
cross-entropy pre-training establishes robust feature representations, providing a solid base for subsequent calibration
improvements. (2) Training Efficiency: The fine-tuning approach requires significantly less computational time, as only the
lightweight classification head is retrained with our FGR objective. This makes it a more practical and scalable choice for
real-world applications without compromising performance.

D.3. In-Distribution Calibration Performance

To ensure that our method does not harm calibration on clean in-distribution data, we evaluate all methods on the original
test sets of CIFAR-10/100 and Tiny-ImageNet. As shown in Table 14, our method maintains competitive or superior ECE
performance in most cases, even in the absence of distribution shifts, demonstrating its general applicability.

Table 14. ECE| (%) before and after temperature scaling for different methods on the in-distribution test set. In the experiment, ECE was
evaluated for different methods before (Pre T) and after (Post T) temperature scaling.

Dataset Model CE FLSD-53 DFL MaxEnt BSCE-GRA FGR
PreT PostT PreT PostT PreT PostT PreT PostT PreT PostT PreT PostT

ResNet-50 416 114 128 1.01 137 128 142 149 0.60 0.70 0.65 0.68
ResNet-110 446 117 126 094 149 092 128 128 1.16 1.07 090 0.84

CIFAR-10 o hceNet-121 462 175 119 098 118 065 107 118 156 105 097 0.64
WideResnet-26 349 126 216 119 187 111 127 105 248 116 123 0.8

ResNet-50 1711 231 471 241 148 148 456 351 291 099 284 249

ClEAR.L00  ResNet110 1828 427 675 399 3271 327 372 394 385 296 348 357
DenseNet-121 1895 3.57 293 142 196 151 171 175 168 154 332 334

WideResnet-26  14.75 2.86 2.06 241 2.77 238 248 200 1.8 301 293

1.64
ResNet-50 13.60 291 192 867 282 157 775 182 205 1515 226 1.02
DenseNet-121 826 15.01 3.81 15.17 3.68 137 412 132 6.01 1.62 342 122

Tiny-ImageNet

D.4. Effect of Alternative Calibration Losses in FGR

We further evaluate the flexibility of the FGR framework by replacing Soft-ECE with other differentiable calibration losses,
including Soft-AvUC, MMCE, and Brier Score. Experiments are conducted on CIFAR-10/100 under both in-distribution
(ID) and corrupted (OOD) settings using ResNet-50.

The results in Tables 15 and 16 demonstrate the versatility of our gradient rectification framework. Across different
calibration losses, FGR consistently outperforms the CE baseline in both ID and OOD scenarios. Notably:
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* Soft-ECE achieves the best overall balance, with strong performance on both ID and OOD ECE metrics.
* Soft-AvUC shows competitive OOD performance, particularly on CIFAR-10-C (ECE: 6.47%).
* MMCE and Brier-Score also yield improvements, confirming that our projection-based gradient rectification is

loss-agnostic.

These results validate that FGR provides a general framework for calibration improvement, not limited to any specific
calibration objective. The choice of calibration loss can be tailored to specific application requirements without compromising
the core benefits of our approach.

Table 15. In-distribution results on CIFAR-10 and CIFAR-100 with ResNet-50 using different calibration losses within the FGR framework.
All metrics are reported in percentage (%).

CIFAR-10 CIFAR-100
Method ACC+ ECE | TS-ECE | ACE | TS-ACE ||ACC 1 ECE | TS-ECE | ACE | TS-ACE |

Cross-Entropy 95.27 4.17 1.14 0.696 0.580 | 78.04 17.11 2.40 0.190  0.184
FGR (Soft-ECE)  95.11 0.86 0.66 0.534 0485 |77.79 253 2.27 0.182  0.170
FGR (Soft-AvUC) 95.06 6.07 1.21 1.299 0513 | 77.84 3.28 2.49 0.198  0.168
FGR (MMCE) 95.16 1.06 0.79 0523 0583 | 77.87 2.62 2.76 0.183  0.189
FGR (Brier-Score) 95.14 2.77 0.52 0.794  0.485 | 77.90 3.02 2.63 0.194  0.176

Table 16. Out-of-distribution results on CIFAR-10-C and CIFAR-100-C with ResNet-50 using different calibration losses within the FGR
framework. All metrics are reported in percentage (%).

CIFAR-10-C CIFAR-100-C
Method ACC t ECE | TS-ECE | ACE | TS-ACE ||ACC 1 ECE | TS-ECE | ACE | TS-ACE |

Cross-Entropy 74.59 2260 1520 4.228 3448 |51.03 3829 14.11 0.679 0.481
FGR (Soft-ECE)  75.18 6.88 7.57 2717 2735 | 5133 993 10.75  0.448  0.448
FGR (Soft-AvUC) 75.13 6.47 7.22 2971 2.684 | 5126 9.54 11.69 0457 0458
FGR (MMCE) 75.27 8.12 711 2756 2727 | 5130 1096 1054 0456  0.456
FGR (Brier-Score) 75.13 5.89 7.93 2728 2712 | 51.15 9.83 11.07 0460 0.460

D.5. Sensitivity to Batch Size

We evaluate the sensitivity of FGR to different batch sizes to verify that its calibration improvements are not contingent on a
specific batch configuration. Across a wide range of batch sizes, FGR exhibits consistent calibration performance, indicating
that the proposed gradient rectification mechanism is robust to this implementation choice.

We conduct batch-size sensitivity experiments on CIFAR-10/100 and their corresponding corrupted datasets. Our baseline
batch size is 128. Since directly reducing the batch size leads to a significant drop in accuracy, we employ 4 x/2x gradient
accumulation for batch sizes 32/64 to maintain equivalent optimization strides. Experimental results are presented in the
table below.

Since FGR’s gradient rectification is based on conflict detection across the entire batch, smaller batch sizes (e.g., 32 and 64)
can capture more fine-grained conflicts between the main loss and ID calibration loss. This yields strong OOD calibration
performance while maintaining in-distribution performance. Larger batch sizes (e.g., 512) may hide certain local conflicts,
leading to a clear performance drop. Although smaller batches perform better, training time also increases (32 vs. 128:
4.83h vs. 1.7h). To achieve a better balance between performance and cost, we recommend using a medium-sized batch size
of 128.

D.6. Computational Complexity Analysis

We compare the computational overhead of our Frequency-aware Gradient Rectification (FGR) against representative
training-time calibration baselines (CE, LS, FLSD-53, DFL, MaxEnt, BSCE-GRA). We report the empirical wall-clock
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Table 17. Sensitivity to batch size on in-distribution test sets. Calibration metrics are multiplied by 100.

CIFAR-10 CIFAR-100

Batch Size | ACCt ECE| TS-ECE| ACE| TS-ACE| | ACCt ECE| TS-ECE, ACE| TS-ACE]
32 9426  1.37 114 0388 0306 | 78.14 142 147 0130  0.138
64 9423 0.80 0.84 0301 0306 | 7792 1.74 213 0134 0.143
128 94.09  0.82 072 0328 0326 | 7835 197 179  0.185  0.181
256 9430  1.35 072 0231 0217 | 7775 176 153 0.093  0.115
512 94.10 2.5 128 0268 0237 | 7624 3.8 210  0.105  0.123

Table 18. Sensitivity to batch size under distribution shift (CIFAR-C). Calibration metrics are multiplied by 100.

CIFAR-10-C CIFAR-100-C
Batch Size | ACCt ECE| TS-ECE| ACE| TS-ACE] | ACCt ECE] TS-ECE| ACE| TS-ACE|
32 7701  7.76 1043 2.80 2.91 5258 1055  9.71 0.48 0.48
64 7421 9.9 9.80 3.27 3.26 51.87 1046  9.66 0.48 0.70
128 7357 1220  11.63 3.56 3.53 51.02 1015 1056  0.50 0.50
256 73.14 1327 1181 3.60 3.51 5137 1175 1050 048 0.48
512 7252 1481  12.33 3.74 3.56 48.63 1441 1036 0.2 0.51

measurements. All experiments are conducted under identical hardware and software settings: GPU: NVIDIA GeForce
RTX 4090 24GB; Software: PyTorch v2.2, CUDA 12.1; Precision: AMP (Automatic Mixed Precision).

For each method we record: (a) average epoch time and (b) total training time. All measurements are performed on the
CIFAR-100 dataset using a ResNet-50 architecture, following the training schedule defined in Table 6. For our two-stage
FGR-FT method, we report the time for Stage 1 (CE pre-training) and Stage 2 (head fine-tuning) separately.

Table 19. Empirical training time comparison on CIFAR-100 with ResNet-50. We report the average time per epoch and the total training
time. For our two-stage FGR-FT, the reported time corresponds only to the second stage (head fine-tuning), assuming a pre-trained CE
model is available.

Metric CE LS-0.05 Mixup AugMix DFL MaxEnt BSCE-GRA FGR-Scratch FGR-FT

tepoch (s) 10 12 13 23 10 12 10 15 4
tol (h) 1.62  1.81 1.74 303 162 155 1.55 1.92 0.29

The results in Table 19 highlight the computational efficiency of our proposed methods. The two-stage fine-tuning strategy
(FGR-FT) is exceptionally efficient, adding only a small incremental cost (0.29h) over a standard pre-trained CE model, as
it only fine-tunes the lightweight classification head. The training-from-scratch strategy (FGR-Scratch) shows a modest
overhead of approximately 18.5% compared to the CE baseline (1.92h vs. 1.62h). This slight increase is primarily due
to the Soft-ECE loss calculation, the occasional gradient projection, and the DCT operation on a small subset of the data.
Compared to other methods that introduce complex augmentations or per-sample loss modulations (e.g., AugMix), our FGR
approach remains computationally competitive while delivering superior calibration performance under distribution shifts.

D.7. Feature-Space Wasserstein Analysis

To better understand how frequency filtering changes the induced training distribution, we measure the feature-space
discrepancy between the original distribution D,;s and the mixed distribution Dy,ix. Specifically, we extract penultimate-
layer features using a ResNet-50 model trained with cross-entropy on CIFAR-10, and compute the Gaussian 2-Wasserstein
distance between features from D,z and Diyix using 4096 training samples.

Tables 20 and 21 show that the distributional discrepancy is controlled primarily by the filtering ratio p. Increasing p leads
to a clear and nearly monotonic increase in the feature-space distance, indicating that filtering a larger fraction of samples
induces a stronger shift between D and Dyyix. In contrast, changing A within a moderate range has a much milder effect.
This supports our empirical observation that p is the dominant trade-off parameter, while A mainly provides a secondary
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Table 20. Feature-space Gaussian 2-Wasserstein distance between Do.ig and Dimix when varying the DCT compression parameter A with
fixed filtering ratio p = 0.1.

Al 25 18 15 100 7
Wo | 0517 0522 0510 0457 0471

Table 21. Feature-space Gaussian 2-Wasserstein distance between Do.ig and Dmix When varying the filtering ratio p with fixed A = 15.

p | 005 010 020 040
Wy | 0300 0510 1.018 1.952

adjustment of filtering strength.

E. Proof of the Projection Property
E.1. Proposition Restated

For a training step, let gmain = Vo Lmain (0; Dmix) and geaib = Vo Leatib (¢; Dorig). Ignoring the small numerical stabilizer
used in implementation, FGR uses

Emain; if g nGealib > 0,
8FGR = S & hainealib @i, otherwise. (I7)
||gcalin%
Define the first-order feasible set
Co ={g|g" geap > 0}. (18)
Then gggr solves
gror = arg 1in g — guin|l3- (19)

E.2. Proof

Proof. 1f glain Eeatib > 0, then g.in € Crp. Since the objective is the squared Euclidean distance to g, the feasible point
€ = Zmain attains the minimum value zero. Therefore, grGrR = Emain 1S the minimizer.

Now consider the conflicting case gnraingcaﬁb < 0. The constrained problem is the Euclidean projection of gy, onto the
closed half-space Cip. Since gumain is outside the half-space, the optimum lies on the boundary g " g..ii, = 0. The Lagrangian
for the equivalent constraint — gT Sealib < 018

E(g»ﬂ) = Hg - gmainH% - :ug—rgcaliln w=0. (20)

Stationarity gives
2(g - gmain) — HU8calib = 07 (21)
and the active boundary condition gives g ' gcai, = 0. Solving these two equations yields

T
_ 2 gmain gcalib

= 7 >0, (22)
chalinQ
and therefore .
& mainScalib
€ = Bmain — LCaggcalib- (23)
||gcalib||2

This is exactly the FGR direction in the conflicting case, so the projection characterization holds in both cases.

Finally, because grgr € Cip, we have g;GRgcanb > 0. A first-order Taylor expansion of the calibration loss gives

Leaib(0 — ngrcr) = Leaib(0) — 1 8wror + O(n°) < Leain(8) + O(n?), 24

which proves the first-order ID calibration preservation guarantee. O
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E.3. Relation to a Joint-Risk View

The projection result above is the exact statement corresponding to the implemented optimizer. A scalarized joint objective
such as 7A2mix + a,’écalib would produce an additive gradient direction gmain + Ecalib, Which is not the conditional projection
used by FGR. We therefore use the joint-risk view only as high-level intuition: FGR couples the mixed-data objective with
an ID calibration constraint, but it does not claim equivalence to minimizing a fixed weighted sum of losses. This distinction
is important because FGR is asymmetric: the main gradient is left unchanged whenever it is already feasible, and it is
modified only by the minimum Euclidean correction required to satisfy the first-order calibration constraint.

F. Limitations and Scope

While our proposed FGR method demonstrates strong empirical performance, several limitations warrant discussion. Our
study focuses exclusively on image classification under covariate shift scenarios, where the frequency-domain filtering
relies on Discrete Cosine Transform (DCT). The method does not handle unknown-class out-of-distribution detection, and
shows relatively limited gains on semantic shift datasets such as Office-Home compared to synthetic corruption benchmarks.
FGR introduces additional training costs due to extra calibration gradient computation; however, as demonstrated in
Section D.6, the overhead is controlled at approximately 18.5% for training from scratch, and our two-stage fine-tuning
strategy significantly reduces this barrier by enabling efficient adaptation on pre-trained models. Promising future directions
include adapting the approach to other modalities, integrating OOD detection mechanisms, and developing more effective
strategies for semantic shift scenarios.
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