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Abstract

Recent work on calibration of Graph Neu-
ral Networks (GNNs) has largely concluded
that GNNs are miscalibrated and typically
under-confident on standard node classifica-
tion benchmarks, motivating the develop-
ment of graph-specific calibration methods
evaluated in terms of Expected Calibration
Error (ECE) on citation datasets such as
Cora, Citeseer, and Pubmed. We re-
visit these conclusions and show that much
of the reported miscalibration is explained by
hyperparameter choices rather than intrin-
sic limitations of GNN architectures. Prop-
erly tuned classical GNNs achieve compa-
rable ECE with respect to existing calibra-
tion methods. We further provide the first
study of local calibration in graph neural net-
works by computing Local Calibration Error
(LCE) on graph data. In particular, we adapt
LCE to the graph setting by defining local-
ity through distances in the node embedding
space learned by the GNN. While global cali-
bration errors are small, we observe higher lo-
cal miscalibration. As future direction, cali-
bration of GNNs should be further studied lo-
cally and on larger graph benchmarks rather
than relying solely on global metrics on small
datasets.

Workshop “Towards Trustworthy Predictions: Theory and
Applications of Calibration for Modern AI” at AISTATS
2026, Tangier, Morocco. Copyright 2026 by the author(s).

1 Introduction

In many high-stakes applications, Machine Learning
(ML) models are expected not only to be accurate
but also well-calibrated - i.e., their predicted proba-
bilities should reflect the true empirical frequencies of
the corresponding classes. Following extensive studies
on calibration in deep neural networks [Wang et al.,
2021a, Wang, 2023, Luo et al., 2022, Guo et al., 2017],
recent work has investigated the calibration properties
of Graph Neural Networks (GNNs) [Hsu et al., 2022,
Liu et al., 2022, Huang et al., 2025, Teixeira et al.,
2019, Wang et al., 2024, Zhuang et al., 2024].

Most existing studies evaluate calibration of GNNs
in the node classification setting on small citation
network benchmarks such as Cora, Citeseer, and
Pubmed [Yang et al., 2016]. Calibration performance
is typically measured using Expected Calibration Er-
ror (ECE), and reliability diagrams are used for quali-
tative analysis. Across these works, a common conclu-
sion has emerged: although GNNs often achieve strong
predictive accuracy, their confidence estimates are gen-
erally miscalibrated and tend to be under-confident
[Hsu et al., 2022, Huang et al., 2025, Teixeira et al.,
2019, Zhuang et al., 2024].

Based on this observation, a growing literature has
proposed calibration methods specifically designed for
GNNs. These approaches include post-hoc methods
such as temperature scaling variants adapted to graph
structure, topology-aware calibration networks, and
regularization techniques that modify the training ob-
jective to improve calibration. Many of these methods
rely on additional models or calibration networks that
operate on logits, node features, or graph structure to
produce node-wise calibration parameters [Hsu et al.,
2022, Huang et al., 2025]. Empirical results reported
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in prior work suggest consistent improvements in ECE
compared to uncalibrated GNN baselines on standard
benchmarks.

In this paper we revisit the calibration properties of
GNNs and challenge the widely accepted view that
classical GNN architectures are inherently miscali-
brated. We show that a large portion of the reported
miscalibration can be attributed to suboptimal hyper-
parameter choices rather than intrinsic limitations of
GNN models.

Our contributions are as follows:

1. We demonstrate that when compared against
properly tuned GNN baselines, existing calibra-
tion methods often fail to provide big improve-
ments. In many cases, standard GNN models
with appropriate hyperparameters show compa-
rable results with respecto to exsisting calibration
approaches in terms of calibration error.

2. We provide the first systematic local calibration
analysis for GNNs based on Local Calibration Er-
ror (LCE) [Luo et al., 2022]. While globally tuned
GNNs exhibit low ECE, our results reveal that er-
rors are primarily local rather than global.

Our findings suggest several directions for future re-
search. First, calibration of GNNs should not be stud-
ied purely in terms of global metrics such as ECE.
Instead, local calibration properties should be investi-
gated in greater detail, following recent trends in cali-
bration research for deep neural networks [Xiong et al.,
2023]. Second, the small scale of commonly used ci-
tation benchmarks raises concerns about the reliabil-
ity of calibration estimates. In contrast to calibra-
tion studies for standard deep learning models, which
typically use large-scale datasets, node classification
benchmarks often contain only a few dozen labelled
nodes per class. This results in small bin supports
for calibration metrics and potentially unstable esti-
mates. Future work should therefore investigate cali-
bration behaviour on larger graph benchmarks such as
OGB [Hu et al., 2021].

Overall, our results indicate that classical GNN models
are significantly better calibrated than previously be-
lieved, and that future research should focus on under-
standing local calibration phenomena and large-scale
settings rather than designing increasingly complex
global calibration methods.

2 Preliminaries

2.1 Node Classification with Graph Neural
Networks

Let G = (V,E) be a graph with node set V and edge
set E. Each node v ∈ V is associated with a feature
vector xv ∈ Rd and, for a subset of nodes, a class label
yv ∈ {1, . . . ,K}.

GNNs learn node representations through iterative
message passing over the graph structure. Starting
from initial node representations

h(0)
v = xv,

each layer updates node embeddings by aggregating
information from neighboring nodes. A generic mes-
sage passing layer can be written as

m(l)
v = AGG(l)

(
{h(l−1)

u : u ∈ N (v)}
)
,

h(l)
v = COMB(l)

(
h(l−1)
v ,m(l)

v

)
,

where N (v) denotes the set of neighbors of node v,

AGG(l) is an aggregation function such as mean or
attention-based aggregation, and COMB(l) is a para-
metric transformation typically implemented as a neu-
ral network layer.

After L layers, the final node embedding is

hv = h(L)
v .

Logits are produced by a parametric prediction layer

zv = Whv + b,

or more generally

zv = gθ(hv),

where gθ is a learnable function. Probabilities are ob-
tained via the softmax function

pv = softmax(zv).

The predicted label is

ŷv = argmax
k

pv,k,

and the confidence score is defined as
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cv = max
k

pv,k.

2.2 Calibration

There are multiple notions of calibration in the liter-
ature. The simplest notion is confidence calibration,
which requires that the classifier’s confidence matches
the empirical accuracy, i.e.,:

P(ŷv = yv | cv = p) = p, ∀p ∈ [0, 1].

In practice, confidence calibration is generally mea-
sured using Expected Calibration Error (ECE). Pre-
dictions are partitioned into M confidence bins
{Bm}Mm=1, and ECE is computed as

ECE =

M∑
m=1

|Bm|
|Vtest|

|acc(Bm)− conf(Bm)| .

ECE is the standard metric used in the literature for
evaluating calibration of GNNs on node classification
benchmarks.

2.3 Local Calibration Error

Global calibration metrics, such as ECE, measure av-
erage reliability across the entire dataset and may hide
significant heterogeneity across individual predictions.
To obtain a more fine-grained view of calibration, we
consider Local Calibration Error (LCE) [Luo et al.,
2022], which measures calibration within neighbor-
hoods of similar samples.

Let p̂(x) denote the predicted confidence and f(x) the
predicted label. Given a kernel function kγ(x, x

′) with
bandwidth γ, and letting β(x) denote the set of sam-
ples whose predicted confidence lies in the same bin as
x, the Local Calibration Error at a point x is

LCEγ(x) =

∣∣∣∣∣
∑

i∈β(x)

(
p̂(xi)− 1(f(xi) = yi)

)
kγ(x, xi)∑

i∈β(x) kγ(x, xi)

∣∣∣∣∣ .
This definition interpolates between individual and
global calibration: a small bandwidth γ corresponds
to a more local calibration, while a large bandwidth
approaches global calibration metrics.

The notion of locality in LCE is general and not spe-
cific to graph data. In the original formulation, local-
ity is defined through similarity in a feature space via
the kernel function kγ(x, x

′). For graph data, local-
ity can instead be defined using node representations
produced by the GNN itself.

Table 1: Global calibration on Planetoid citation
benchmarks. ECE computed with 20 confidence bins
(lower is better). Results are mean ± standard de-
viation. Cells highlighted in yellow indicate the best
result, blue the second-best, and green the third-best
for each dataset.

Model Cora Citeseer Pubmed

CaGCN 4.01± 0.67 5.95± 0.72 4.05± 0.60
GATS 3.96± 0.46 7.26± 0.63 4.01± 0.13
AU-LS 4.32± 0.23 6.69± 1.76 6.48± 1.35
SCAR 3.35± 0.53 3.43± 0.58 3.81± 0.47
GNN 3.54± 0.39 6.31± 0.27 3.87± 0.27

Table 2: Local calibration on the test split of Cora for
GNN. Mean LCE, as a function of kernel bandwidth
γ and number of confidence bins (lower is better). Re-
sults are mean ± standard deviation.

Bins

γ 10 15 20

0.1 23.89± 0.54 23.89± 0.54 23.89± 0.54
0.5 22.52± 0.46 22.71± 0.51 22.98± 0.40
0.7 20.62± 0.57 21.24± 0.52 21.73± 0.33
1.0 17.21± 0.67 18.42± 0.66 19.23± 0.38
2.0 9.66± 1.11 10.93± 1.04 11.99± 0.77
5.0 6.21± 1.06 6.44± 1.07 6.62± 0.81

In this work we define similarity between nodes using
distances in the embedding space learned by the GNN.
Let hv denote the embedding of node v. The kernel is
defined as

kγ(v, u) = exp

(
−∥hv − hu∥2

γ

)
,

so that nodes are considered locally similar when their
learned representations are close. This definition al-
lows us to analyze calibration behavior within regions
of the embedding space learned by the GNN.

3 Experiments

We evaluate calibration performance on the stan-
dard Planetoid node-classification benchmarks Cora,
Citeseer, and Pubmed [Yang et al., 2016]. These
datasets are widely used in prior work on GNN cal-
ibration and contain only a small number of labeled
nodes per class, resulting in limited statistical support
for calibration estimates. Further dataset and training
details are provided in Appendix A.

We compare a classical GNN model with carefully
tuned hyperparameters against several state-of-the-art
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Table 3: Effective sample size (ESS) for LCE estima-
tion on the Cora test split. ESS (mean ± standard
deviation) within the local neighborhoods induced by
kernel bandwidth γ, reported for different numbers of
confidence bins. Larger ESS indicates more reliable
local calibration estimates (a common rule of thumb
is ESS ≳ 30).

Bins

γ 10 15 20

0.1 1.03± 0.00 1.03± 0.00 1.03± 0.00
0.5 1.86± 0.04 1.78± 0.03 1.71± 0.04
0.7 3.74± 0.25 3.40± 0.20 3.16± 0.18
1.0 9.00± 0.83 7.79± 0.67 7.06± 0.54
2.0 33.50± 2.68 27.20± 2.12 23.53± 1.61
5.0 124.80± 15.09 91.73± 11.53 73.70± 8.79

calibration methods.

The considered baselines include:

CaGCN [Wang et al., 2021b], a topology-aware post-
hoc calibration method that trains a calibration GNN
to propagate confidence values across the graph.

GATS [Hsu et al., 2022], an attention-based temper-
ature scaling method that produces node-wise calibra-
tion parameters based on the graph structure and pre-
dictive distributions.

AU-LS [Wang et al., 2024], a training-time calibration
method based on adaptive label smoothing designed to
mitigate both under- and over-confidence.

SCAR [Huang et al., 2025], a calibration approach
that adjusts confidence at the final representation layer
by modifying the weight decay and performing node-
level calibration.

Our model consists of a standard GNN architecture
trained with hyperparameter tuning, including depth,
normalization, and regularization choices. Implemen-
tation details are provided in Appendix A.

Calibration is evaluated using ECE with 20 bins and
LCE as defined in Section 2, with 10, 15 and 20 bins
and γ varying between 0.1 and 5.

3.1 Global Calibration

Table 1 reports ECE results on the three datasets. The
tuned GNN baseline achieves comparable calibration
performance on all datasets.

These results suggest that classical GNN architectures
can achieve strong calibration performance when prop-
erly tuned. In particular, the global calibration errors
observed here are substantially lower than typically re-

ported in prior works, suggesting that miscalibration
is largely influenced by hyperparameter choices.

Overall, these findings suggest that standard GNNs
are effectively well-calibrated on Planetoid datasets
without the need for specialized calibration methods.

At the same time, the Planetoid datasets are relatively
small and contain limited numbers of labeled nodes.
This leads to small bin supports when computing ECE
and may result in unstable calibration estimates. An
important direction for future work is therefore the
evaluation of calibration on larger benchmarks such as
OGB, which have not yet been systematically explored
in the calibration literature.

3.2 Local Calibration

We next analyze calibration locally using LCE. Table 2
reports mean LCE values for different kernel band-
widths γ and numbers of bins.

To assess the reliability of the estimates, Table 3 re-
ports the effective sample size (ESS) [Zhang et al.,
2024] within each bin. Reliable estimation typically
requires at least 30 samples per bin. The results show
that for γ ≤ 1 the effective sample size is generally too
small, while values γ ≥ 2 provide sufficient support for
stable estimates.

For these reliable values of γ, the tuned GNN exhibits
substantially larger LCE values than suggested by the
global ECE results. This indicates that calibration er-
rors are not uniformly distributed across the graph but
instead concentrated in specific regions of the embed-
ding space.

These results suggest that calibration in GNNs is pri-
marily a local phenomenon: models that appear well-
calibrated globally may still exhibit significant local
miscalibration.

Overall, our findings indicate that future research
should focus on local calibration methods rather than
purely global approaches.

4 Conclusion

This paper revisits the calibration properties of GNNs
for node classification. Contrary to the common view
in the literature, we show that classical GNN architec-
tures are not inherently miscalibrated. With appro-
priate hyperparameter choices, standard models are
already well-calibrated without specialized calibration
methods.

Our experiments show that existing calibration ap-
proaches do not show substantial improvements over
properly tuned GNN baselines, suggesting that part
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of the perceived calibration problem originates from
weak reference models rather than fundamental lim-
itations of GNNs. Using a notion of Local Calibra-
tion Error based on proximity in the GNN embedding
space, we observe that calibration errors are primarily
local rather than global: even well-calibrated models
in terms of ECE exhibit high LCE.

These findings suggest two main directions for fu-
ture research. First, calibration analysis for graph
learning should focus on local calibration phenomena
rather than relying exclusively on global metrics such
as ECE. Second, calibration studies should move be-
yond small citation benchmarks toward larger graph
datasets where calibration estimates are statistically
more reliable.
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Checklist

1. For all models and algorithms presented, check if
you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
Yes. Section 2 defines the node classification
setting, the GNN model, calibration metrics,
and the Local Calibration Error formulation
adapted to graphs.
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(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
No. The paper does not include a formal
complexity analysis. In particular, the com-
putational cost of LCE estimation and kernel
computations is not analyzed explicitly. The
complexity and statistical properties of LCE
are discussed in the original work introducing
the metric [Luo et al., 2022], which we follow
in our implementation.

(c) (Optional) Anonymized source code, with
specification of all dependencies, including
external libraries. No. The code is not yet
included. It will be released upon publica-
tion.

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results. Not Applicable.
The paper does not present new theoretical
results. It is purely empirical.

(b) Complete proofs of all theoretical results.
Not Applicable. No theoretical results are
presented.

(c) Clear explanations of any assumptions. Not
Applicable. No theoretical assumptions are
required beyond standard experimental pro-
tocols.

3. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed to
reproduce the main experimental results (ei-
ther in the supplemental material or as a
URL). Yes. Reproducibility materials are
presented in appendix A.

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen). Yes.
Training details and dataset splits are de-
scribed in Appendix A.

(c) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times). Yes. ECE and LCE are for-
mally defined in Section 2, and tables report
mean and standard deviation across multiple
runs.

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). Yes. The used infrastruc-
ture are reported in appendix A.

4. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a) Citations of the creator If your work uses ex-
isting assets. Yes. The paper cites the Plan-
etoid datasets and prior calibration methods.

(b) The license information of the assets, if appli-
cable. No. Dataset licenses are not specified.

(c) New assets either in the supplemental mate-
rial or as a URL, if applicable. Not Appli-
cable. No new datasets or benchmarks are
introduced.

(d) Information about consent from data
providers/curators. Not Applicable. The
datasets are publicly available citation
networks without human subject interaction.

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or
offensive content. Not Applicable. The
datasets consist of scientific publications and
do not contain sensitive personal data.

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. Not Applicable

(b) Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable. Not Appli-
cable

(c) The estimated hourly wage paid to partici-
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Appendix

A Experimental Details

All experiments were conducted on a dedicated server equipped with an Intel i9-13900K CPU (24 cores, 36MB
cache), 192GB of RAM, and an NVIDIA GeForce RTX 4090 GPU with 24GB of memory.

All models were implemented in PyTorch and PyTorch Geometric. Training a single model required less than
one hour on the largest dataset.

A.1 Model Architecture

All experiments use a standard Graph Convolutional Network architecture [Kipf and Welling, 2016]. We use GCN
in order to match the experimental setting of prior calibration works, where calibration methods are typically
evaluated on top of classical GNN architectures.

The final model outputs node probabilities through a softmax layer and confidence scores are defined as the
maximum predicted probability.

A.2 Hyperparameter Tuning

Hyperparameters for our model were selected using grid search on the validation set. We explored hidden
dimensions in {16, 32, 64}, numbers of GCN layers in {1, 2, 3, 4}, and dropout rates in {0.1, 0.3, 0.5}. All models
were trained using the standard Planetoid data splits, and the best configuration was selected based on validation
performance. Hyperparameter tuning was performed for our GNN baseline. For the calibration methods, we
report the results published in the original papers and use their recommended experimental settings.

A.3 Reproducibility

All experiments use the fixed Planetoid splits for Cora, Citeseer, and Pubmed. Each experiment was repeated
with multiple random seeds and results are reported as mean and standard deviation.

The code used to reproduce all experiments is available at Github

B Datasets and Experimental Splits

We evaluate our methods on three standard citation network benchmarks: Cora, CiteSeer, and PubMed. In
these datasets, nodes represent scientific publications and edges represent citation links between documents. Each
node is associated with a document feature vector derived from the text and a categorical label corresponding
to the research topic. The task is node classification.

We use the standard fixed Planetoid splits that are commonly adopted in the graph neural network literature.
A small labeled training set is used for model fitting, a validation set is used for hyperparameter selection and
calibration tuning, and a disjoint test set is used for final evaluation. A summary of the datasets and splits is
reported in Table 4.

The Planetoid splits follow a transductive semi-supervised setting in which only a small subset of nodes is labeled.
The remaining nodes are treated as unlabeled during training but are still included in the graph structure and
participate in message passing. This allows the model to exploit the full connectivity of the citation network
while learning from a limited number of labeled examples. Consequently, the number of nodes assigned to the
training validation and test sets does not sum to the total number of nodes in each dataset. The unlabeled nodes

https://anonymous.4open.science/r/gnn-calibration-868C
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Table 4: Summary of the citation network datasets and the standard train validation and test splits used in our
experiments.

Dataset Nodes Edges Classes Features Train Val Test

Cora 2708 5429 7 1433 140 500 1000
CiteSeer 3327 4732 6 3703 120 500 1000
PubMed 19717 44338 3 500 60 500 1000

are not used for supervision or evaluation but influence the learned node representations through the graph
structure.
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