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Abstract

Test-time augmentation (TTA) has proven effective for improving model robustness and
uncertainty estimation in computer vision, yet its application to graph-structured data re-
mains largely unexplored. We introduce GATTA (Graph Active Learning with Test-Time
Augmentation), a framework for enhancing active learning by aggregating predictions across
multiple augmented views to produce more reliable uncertainty estimates. To address the
challenge of label-preserving graph augmentations, GATTA incorporates a consistency-based
filtering mechanism that discards augmented views yielding unreliable predictions.

We systematically evaluate GATTA across multiple graph datasets, GNN architectures, and
acquisition strategies. Our results show that simple uncertainty-based methods, such as En-
tropy and Least Confidence, benefit most from TTA, achieving performance competitive
with more sophisticated and computationally expensive approaches. GATTA generalizes
across architectures, outperforms model-side ensemble methods such as MC Dropout. We
further show that GATTA scales efficiently with both ensemble size and graph size. Fx-
tensive analysis of augmentation types, strengths, and filtering strategies provides practical
guidelines for effective deployment.

Our findings demonstrate that augmenting simple methods with TTA offers a more efficient
path to strong active learning performance than engineering complex acquisition functions,
enabling practitioners to achieve competitive results with lower computational overhead and
reduced implementation complexity.

1 Introduction

Graph neural networks (GNNs) have become the dominant paradigm for modeling relational data, achieving
state-of-the-art performance across a wide range of applications, from molecular property prediction to social
network analysis (Zhou et al., 2020; |Wu et al., 2019b)). However, most high-performance models still rely
on substantial labeled data for tasks like node classification, creating a significant labeling bottleneck. This
challenge is particularly acute in scientific and industrial domains where annotation requires costly domain
expertise or experimental validation. (Gal et al. [2017; [Litjens et all [2017; |Gilmer et all [2017; Wu et al.,
2017; Halbouni et al., |2022])

Active learning (AL) addresses this bottleneck by strategically selecting the most informative nodes for
labeling, typically using uncertainty-based acquisition strategies such as Least Confidence (LC), Entropy,
or Bayesian Active Learning by Disagreement (BALD). However, graph-structured data presents unique
challenges that distinguish it from traditional active learning settings (Hu et al., [2020). The structural
dependencies and non-i.i.d. nature of graphs make uncertainty estimation particularly difficult, as node
predictions depend on multi-hop neighborhoods rather than being independent samples (Fuchsgruber et al.|
2024; \Wang et al.| [2024)). Distinguishing epistemic uncertainty from aleatoric uncertainty becomes further
complicated by neighborhood aggregation effects, often leading to biased node selection and suboptimal
labeling strategies (Fuchsgruber et al., 2024).

Test-time augmentation (TTA) has proven highly effective in computer vision for improving uncertainty
estimation by generating multiple perturbed views of inputs during inference and aggregating their predic-
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tions. While TTA has demonstrated clear benefits for image classification (Gaillochet et al., 2022} Wang
et al., [2018; |[Conde et al.| |2023)), its application to graph-structured data remains largely unexplored (Ju
et all 2023} Bo et al. 2021). This gap presents a significant opportunity: graph-specific augmentations
could exploit relational structure to yield more reliable uncertainty estimates for active learning, potentially
addressing the fundamental challenges of uncertainty quantification in graph settings.

We introduce GATTA (Graph Active Learning with Test-Time Augmentation), a framework that systemati-
cally integrates test-time augmentation into graph active learning pipelines. GATTA combines graph-specific
augmentations with two aggregation strategies, GATTA-S (Score Aggregation) and GATTA-P (Prediction
Aggregation), and incorporates a consistency-based filtering mechanism that preserves label-relevant proper-
ties while discarding potentially misleading perturbations. Through comprehensive evaluation across multiple
datasets, GNN architectures, and AL acquisition strategies, we demonstrate that TTA particularly benefits
uncertainty-based methods, enabling simple strategies to achieve competitive performance with complex ap-
proaches while reducing computational overhead. Our findings suggest a practical design principle: rather
than engineering sophisticated acquisition functions, practitioners can augment efficient uncertainty-based
methods with TTA to achieve strong active learning performance at lower computational cost.

Contributions

1. We introduce GATTA, a framework for test-time augmentation in graph active learning with
consistency-based filtering for non-label-invariant augmentations.

2. We demonstrate through comprehensive experiments that simple uncertainty methods with GATTA
match complex acquisition functions at lower computational cost.

3. We provide practical deployment guidelines covering augmentation type, strength, and ensemble
size.

2 Related Work

2.1 Active Learning on Graphs

Active learning on graphs presents fundamental challenges that distinguish it from classical active learning
paradigms. The structural interdependencies inherent in graph data violate the independence assumption
underlying traditional uncertainty sampling methods, as node predictions are influenced by their multi-
hop neighborhoods rather than being isolated samples (Kipf & Welling, |2016)). This interconnected nature
complicates uncertainty estimation, where distinguishing epistemic uncertainty (reducible through additional
labels) from aleatoric uncertainty (irreducible data noise) becomes particularly challenging due to information
propagation effects (Wang et al., [2024).

Early graph-specific active learning approaches focused on adapting classical strategies to structural settings.
Cai et al.| (2017) introduced Active Graph Embedding (AGE), which combined graph embeddings with un-
certainty and centrality measures to identify informative nodes. |Gao et al.[(2018)) formulated node selection
as a multi-armed bandit problem in their ANRMAB framework, while [Regol et al.| (2020) proposed Graph
Expected Error Minimization (GEEM), directly targeting nodes that maximize expected error reduction
across the graph structure.

Recent advances have pursued more sophisticated uncertainty quantification strategies. |[Kang et al.| (2022])
proposed JuryGCN, a frequentist-based approach that quantifies uncertainty in GCNs using jackknife es-
timators. Most relevantly, |[Fuchsgruber et al.| (2024) demonstrated that epistemic uncertainty sampling
is theoretically optimal for graph active learning, developing practical approximation methods (Multiple
Pseudo-Labels (MP) and Expected Single Pseudo-Label (ESP)) that achieve strong empirical performance.

Despite their promise, these sophisticated methods remain computationally demanding, which limits their
scalability and ease of adoption. This raises the question of whether simpler, lightweight strategies, aug-
mented with techniques such as test-time augmentation, can achieve similar or even superior performance
at a fraction of the cost.



Under review as submission to TMLR

2.2 Uncertainty Quantification in Graph Neural Networks

Robust uncertainty quantification in GNNs requires addressing the unique challenges posed by relational
data structures. Bayesian approaches have shown promise, with |Zhang et al.| (2018) developing variational
inference methods for GNNs and |[Lakshminarayanan et al. (2016 proposing ensemble-based uncertainty
estimation that accounts for graph structure.

Monte Carlo Dropout has been adapted for graph settings by |Gal & Ghahramani| (2015)), who demonstrated
improved calibration on node classification tasks. Meanwhile, |Zhuang et al.| (2024)) explored temperature
scaling specifically designed for graph neural networks.

These approaches, although effective, often require architectural modifications or additional training proce-
dures, limiting their applicability to existing models.

2.3 Test-Time Augmentation

Test-time augmentation enhances model predictions by generating multiple transformed views of the input
during inference and aggregating their outputs. For a model f with parameters € and input , TTA computes
predictions as:

N
¥ = }V; fo(i()) (1)

where ; represents different augmentation functions. This ensemble approach provides richer uncertainty
estimates by capturing prediction variance across multiple input perturbations, particularly valuable for
distinguishing epistemic from aleatoric uncertainty (Wang et al., 2018)).

TTA has demonstrated consistent improvements across diverse domains. In computer vision, [Shanmugam
et al.| (2021]) showed significant gains in medical image segmentation, while |Conde et al.| (2023]) established
connections between TTA and model calibration theory. Natural language processing applications have
emerged more recently, with [Lu et al.|(2022) applying TTA to text classification with word- and character-
based augmentations.

Recent work explores TTA specifically for active learning contexts. |Gaillochet et al.[(2022) demonstrated im-
proved uncertainty estimation for medical image annotation, establishing TTA’s potential for query strategy
enhancement.

2.4 Graph Augmentation Techniques

Graph augmentation strategies form the foundation for effective TTA in graph settings. Structural aug-
mentations include edge dropout [Rong et al.| (2019), where edges are randomly removed during training or
inference, and graph subsampling that aims to find augmented graph instances from the input graphs that
best preserve desired properties by keeping a portion of nodes and their underlying linkages (Qiu et al.
2020). Node-level augmentations, such as feature masking, Gaussian noise injection, and feature shuffling,
target different aspects of graph structure preservation (Ding et al., 2022).

The critical challenge in graph augmentation lies in maintaining label-relevant properties. Unlike image
transformations such as rotation or cropping, which typically preserve object identity, graph modifications can
fundamentally alter node predictions. [Yue et al. (2022)) addressed this by perturbing graphs in representation
space under label-preserving constraints, while [Luo et al.| (2022)) used a reinforcement-learning framework to
search for label-invariant policies.

2.5 Novelty and Positioning

While graph augmentation techniques (Liu et al., |2021}; [Zhao et al.| |2020)) have been explored for computa-
tional efficiency (Cui et al., [2022), representation learning during training (Katsimpras & Paliouras| [2024)),
and class-balancing via reinforcement learning (Yu et al.; |2024)), GATTA fundamentally differs in both ob-
jective and design. Prior work applies augmentation either as a preprocessing step to scale training (Cui
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et al.,|2022)), to improve self-training performance (Katsimpras & Paliouras, 2024)), or to address class imbal-
ance (Yu et al| [2024). Test-time augmentation (TTA) itself has been used in graph learning but never for
uncertainty-driven active learning. Bo et al.| (2021) applied TTA for social influence prediction and |Ju et al.
(2023) used virtual node augmentation to address degree bias. GATTA is the first framework to systemat-
ically leverage TTA at inference time to generate perturbed graph views, explicitly improving uncertainty
quantification across acquisition strategies. This distinction is critical: GATTA is strategy-agnostic and
directly enhances uncertainty estimates, whereas existing methods focus on training dynamics or specific
acquisition heuristics.

3 Method

3.1 Acquisition Strategies

In active learning, an acquisition function (or query strategy) assigns each unlabeled node a score, indicating
its informativeness for model improvement. Given predicted class probabilities P € RIVI*C | an acquisition
function is a mapping @ : RIVI*¢ — RIVI| where Q(P), denotes the informativeness score for node v € V.

We categorize acquisition strategies into three groups: simple uncertainty-based methods (Least Con-
fidence (Wang & Shang) [2014)), Entropy (Shannon| |1948))), complex uncertainty-based methods (MP,
ESP (Fuchsgruber et al.2024)), and other methods (AGE (Cai et al.,[2017), ANRMAB (Gao et al., 2018]),
GEEM (Regol et al. |2020))).

3.2 Graph Active Learning with Test-Time Augmentation

We designed GATTA as a plug-and-play module to enhance existing graph active learning strategies without
requiring architectural changes. GATTA improves uncertainty estimation by generating multiple perturbed
views of the input graph via augmentation and analyzing prediction consistency across these views.

Formally, given an input graph G = (A, X) with adjacency matrix A € RIVI*IVI and node features X €
RIVI*P e sample N augmented views using a stochastic augmentation function ¢:

GV =pi(@) = (A, XD), i=1,..N @

along with G(®) = G that denotes the original (unaugmented) graph. Each augmented view G is processed
by a pre-trained GNN fy to obtain class probability predictions:

P; = fo(GW) e RIVIXC, (3)

where |V is the number of nodes, D is the feature dimension, and C' is the number of classes.

The key challenge is how to aggregate these predictions before node selection, as different aggregation
strategies can bias active learning toward different node selections. To address this, we explore two integration
approaches that we term GATTA-P and GATTA-S. We describe these aggregation strategies in the following
subsections.

3.3 Aggregation Methods: GATTA-S and GATTA-P

We propose two complementary strategies for integrating augmented graph views into active learning, dif-
fering in when acquisition scores are computed relative to prediction aggregation:

GATTA-P (Prediction Aggregation) first averages predictions across all views, then applies @ once to the
aggregated probabilities:

N
Qr = Q(Egueg[Pi]) = Q (Nil ZE)
=0
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GATTA-S (Score Aggregation) applies the acquisition function @ : RIVI*¢ — RIVI independently to each
G view, then averages the resulting scores:

N
Qs = Eco g [Q(P)] ~ %ﬂ S Q) e RV
1=0

The key distinction is that GATTA-S preserves per-view uncertainty at the expense of higher computational
cost, whereas GATTA-P offers greater efficiency but risks losing detailed uncertainty patterns.

3.4 Graph Augmentations

We employ three standard graph augmentation strategies: feature masking (You et al., 2020), feature nois-
ing (Zhang et al.||2022)), and edge dropout (Rong et al}|2019)). Feature masking randomly sets node features
to zero with probability pmask, testing model reliance on specific features. Feature noising adds Gaussian
noise NV(0,02,;.) to node features, introducing controlled uncertainty while preserving feature magnitudes.
Edge dropout randomly removes edges with probability pqarop, testing structural dependencies. These comple-
mentary augmentations expose different sources of model uncertainty while aiming to preserve label-relevant

information.

3.5 Consistency Filtering

However, the mentioned augmentations can alter node predictions due to their changes in input features
or graph structure. Such label variance degrades uncertainty estimation by introducing spurious confidence
or false uncertainty, ultimately undermining active learning performance. To address this, we propose a
consistency-filtering mechanism that discards augmented views whose predictions conflict with the original
graph G(©). Assuming that the pre-trained model’s predictions fo(G(?)) are reliable, this ensures that only
label-preserving perturbations contribute to uncertainty estimation.

(v)

For a node v and view ¢, let ;' = argmax.(P;), . denote its predicted class ¢, and define:

mi” = 1{g" = 5"}, (4)

where 1{-} is the indicator function, gjgv) is the predicted class for node v in the i*" view, and m

binary consistency mask. And finally, let m; € {0,1}!V] contain all node-level filtering weights.

Thus, the filtered acquisition scores for both GATTA-S and GATTA-P are then computed as:

(v)

, is a

1 1
E;mmDQ(Pi) and Q(zZ(milT)QPZ),

i=0

where ® denotes element-wise multiplication. Element-wise division by z = Ez‘]io m; serves as a normal-
ization factor that counts the number of consistent views for each node. 1 € {1}¢ is used to broadcast the
mask m; across the class dimension. See for confidence weighted filtering variant.

4 Sensitivity and Configuration Analysis

While hyperparameter optimization is typically constrained in active learning settings due to the limited
availability of labeled data, understanding GATTA’s sensitivity to different configurations is crucial for prac-
tical deployment. We therefore conducted a systematic study of augmentation types, filtering mechanisms,
strength parameters, ensemble size, and runtime. Experiments in this section utilize two representative
datasets (CoraML|Getoor et al.| (2005)) and PubMed Namata et al.| (2012))), two models (GCN [Kipf & Welling
(2016) and SGC [Wu et al.| (2019a))), and uncertainty-based strategies (Entropy and Least Confidence). We
present our findings denoted with F.
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Figure 1: Effect of augmentation strength on performance for FN+ED. Heatmaps show accuracy gains (%)
across noise variance (02,,.. € [0,0.5]) and dropout probability (p4rop € [0,0.5]). Results are reported for
GATTA-S (left) and GATTA-P (right), each with and without filtering. Improvements concentrate at higher
strengths (~ 0.3 — 0.5). GATTA-S benefits without filtering but filtering broadens the region of effective

strengths, while GATTA-P requires filtering to achieve any improvement.

Table 1: Comparison of augmentation types and combinations. Reported are the average and 75 percentile
performance gains (%) across datasets, models, and augmentation strengths. Combined augmentations,
particularly FN+ED, consistently outperform single augmentations.

Strategy Average 75th percentile
Feature Masking 0.03 4 0.83 0.62
Feature Noising  0.69 4+ 0.67 1.21
Edge Dropout 0.53 +0.84 1.03
FM + ED 0.53 +0.96 1.16
FN + ED 1.124+1.05 1.94

4.1 Augmentation Type Selection

We evaluated Feature Masking (FM), Feature Noising (FN), Edge Dropout (ED), and their pairwise combina-
tions across the mentioned models, datasets, and strategies. [Table T|summarizes averaged, augmentation-wise
performance.

F1. Feature Noising outperforms Feature Masking (0.69 + 0.67% vs. 0.03 & 0.83%). Additive noise
preserves feature scale during neighborhood aggregation, whereas masking creates information voids that
propagate through message-passing layers, making FN more suitable for test-time perturbations.

F2. Combined augmentations consistently outperform single augmentations. @ The FN+ED
combination achieved the largest average improvement (+1.12 + 1.05%). FM+ED showed modest gains
(40.53£0.96%), comparable to single augmentations. Multi-modal perturbations produce more informative
uncertainty signals when both augmentation types contribute meaningfully to the ensemble.

Based on these findings, we adopt FN+4ED for all subsequent experiments.

4.2 Augmentation Strength and Filtering

We systematically evaluated Feature Noising variance o2 ... € [0.0,0.5] and Edge Dropout probability
Parop € [0.0,0.5], testing all combinations with and without filtering for both GATTA variants. [Figure 1
visualizes the interaction between augmentation strength, filtering, and aggregation strategy.

F3. Optimal performance occurs at higher augmentation strengths. With filtering applied, perfor-

mance peaked at o2 ... € [0.3,0.5] and parop € [0.3,0.5], achieving improvements up to 3.0 over baseline
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(Figure 1)). Stronger perturbations expose more informative uncertainty signals, provided label-inconsistent
augmentations are filtered.for For more details, see For comparison with confidence weighted

filtering variant, see

F4. GATTA-S consistently outperforms GATTA-P, resulting in different filtering require-
ments. GATTA-P exhibits strong sensitivity to filtering: without it, the method shows negligible improve-
ment at weak augmentation strengths and active degradation at strong strengths up to —0.5%
decline), failing overall (0.12 4 1.04%) but achieving substantial improvements with filtering (1.96 + 1.27%).
Prediction-level aggregation directly averages class probabilities across views, so label-inconsistent augmen-
tations corrupt the uncertainty estimate, making filtering essential. In contrast, GATTA-S demonstrates
robustness across the entire configuration space, performing best without filtering (2.49 4+ 1.42%) and main-
taining stable performance even at strong augmentation levels. Score-level aggregation computes acquisition
scores independently per view before averaging, allowing the ensemble to balance label-inconsistent sig-
nals without explicit filtering. Across all configurations, GATTA-S achieves greater improvements both on
average and at peak performance.
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Figure 2:  Accuracy improvements (Left) and runtime scaling (Right) with increasing ensemble size.
Accuracy gains saturate around N ~ 200. GATTA-S runtime increases drastically for complex strategies
(AGE), while both GATTA variants scale well for simple strategies (Entropy)

4.3 Ensemble Size, Runtime, and Scalability Analysis

We evaluated ensemble sizes N € [1,10000] to characterize the performance-cost trade-off. shows
accuracy and runtime scaling patterns.

F5. Performance scales logarithmically with ensemble size. Accuracy improvements follow Perfor-
mance ~ baseline+0.37 xlog(N+1) (Figure 2] right). Substantial gains occur up to N ~ 200 (+2.65+0.93%),
with diminishing returns thereafter. Beyond N = 500, each additional 100 views yields less than 0.1% im-
provement, suggesting that moderate ensemble sizes capture most of the uncertainty signal diversity.

F6. GATTA runtime scales efficiently. For simple acquisition functions like Entropy, where infer-
ence dominates, GATTA-P and GATTA-S scale similarly, both requiring ~ 2x baseline time at N = 500
(Figure 2| right). For expensive acquisition functions like AGE, where acquisition computation dominates,
GATTA-S scales poorly (requiring N+1 AGE evaluations), whereas GATTA-P remains efficient. Crucially,
runtime scaling remains consistent across CoraML (2,810 nodes, 15,962 edges) and PubMed (19,717 nodes,
88,648 edges), indicating that GATTA’s computational overhead is governed by ensemble size and acqui-
sition complexity rather than graph scale. For a detailed discussion about computational complexity, see

Append
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Table 2: Detailed performance evaluation of GATTA configurations. The table presents average accuracy
improvements for GATTA-S (Entropy-S, LC-S) and GATTA-P across diverse datasets, GNN models, and ac-
quisition strategies, highlighting key performance patterns. Values represent average accuracy improvement
over baseline methods. MP, ESP, and GEEM were only tested with SGC, as in their original implementation.
Additionally, ESP and GEEM were not evaluated on the AmazonComputers dataset due to computational
limitations.

Simple Complex Other

Dataset Entropy-P | Entropy-S LC-P LC-S MP | ESP | ANRMAB AGE GEEM

GCN SGC|GCN SGC|GCN SGC|GCN SGC| SGC | SGC | GCN SGC | GCN SGC| SGC

Citeseer 2.03 3.26 | 1.82 4.47 | 0.68 2.04| 1.55 3.40|-1.88|-0.53| 0.17 0.05 |-0.14 0.16 | —1.35
CoraML 2.89 1.75| 157 4.12] 256 1.02|3.14 3.30| 3.96 | 0.28 | 2.09 1.53 |-0.89 0.05 | —1.77
PubMed 4.80 0.52| 4.58 2.58|5.09 1.06| 6.66 3.17| 3.91 |—-0.54| 2.71 0.79 | 0.81 0.16 | —0.22

Q}rﬁz{;n ~1.06 1.23|2.20 5.60|247 0.54|3.98 3.76| 1.95 | 0.03 | 0.87 0.68 | 0.12 0.61 | —0.16
Amazon |00 000 | 452 539 | 0.84 314|321 577| 261 | - |—1.53 —0.70|—0.00 0.10| -
Computers

5 Results

This section presents the empirical evaluation of GATTA across five graph datasets, two GNN architectures,
and six active learning acquisition strategies. We evaluate citation networks (Citeseer, CoraML, PubMed)
and co-purchase networks (AmazonPhotos, AmazonComputers) using GCN and SGC architectures. Acquisi-
tion strategies are grouped into simple uncertainty-based (Least Confidence, Entropy), complex uncertainty-
based (MP, ESP), and other methods (AGE, ANRMAB), with GEEM serving as a complex baseline. All
results represent averages over 25 independent trials (5 initial pools x 5 initializations). We create 500 aug-
mented views with Feature Noising (02;,. = 0.4) and Edge Dropout (paop = 0.5). Based on our sensitivity

noise

analysis, we apply filtering only for GATTA-P.

summarizes accuracy improvements over baseline, while illustrates performance trajec-
tories on CoraML. See more about the active learning protocol, datasets, models, and training details in
Append A

R1. GATTA selectively benefits uncertainty-based methods. Simple uncertainty methods achieve
substantial improvements: Least Confidence gains +2.87% average and Entropy gains +3.03%, with GATTA-
S peaks exceeding +5% on multiple datasets. shows GATTA-enhanced Entropy and LC exceeding
baseline GEEM performance. GATTA-S consistently outperforms GATTA-P for these methods, achieving
approximately double the improvement by preserving per-view uncertainty through score-level aggregation.
Complex methods show inconsistent results: MP achieves +2.11% average with strong gains on CoraML,
PubMed, and AmazonComputers, but declines significantly on Citeseer (-1.88%). ESP averages -0.19%,
declining on two datasets, suggesting potential interference between epistemic uncertainty estimation and
test-time augmentation. Non-uncertainty methods derive minimal benefit: ANRMAB achieves +0.67%
average while AGE shows near-zero improvement (+0.09%) and GEEM actively declines (-0.88%). Overall,
methods with sophisticated uncertainty mechanisms or non-uncertainty-based selection derive inconsistent
benefit from test-time augmentation.

R2. GATTA’s benefits emerge early and persist throughout learning. [Figure 3|shows that GATTA
improves sample efficiency from the earliest acquisition rounds, when model uncertainty is highest and label
budgets most constrained. The performance gap between GATTA-enhanced and baseline methods remains
consistent across the learning trajectory, indicating that GATTA does not merely accelerate early learning but
provides sustained improvement. This is particularly valuable in practical settings where labeling budgets are
exhausted before model saturation. For a more detailed discussion about learning dynamics and performance,
see |Appendix D
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Figure 3: Learning curves across acquisition strategies on the CoraML dataset. TTA (dashed: GATTA-P,
dotted: GATTA-S) improves sample efficiency for uncertainty-based strategies such as Entropy and LC,
while having a limited effect on structure-based strategies like GEEM.

R3. Performance depends on unique dataset characteristics, not broader graph category. While
citation and co-purchase networks achieve comparable average improvements, this aggregate masks substan-
tial within-category variance. Among citation networks, performance ranges from strong gains on PubMed
to modest improvements on Citeseer. GATTA-S with simple uncertainty methods achieves exceptional per-
formance on co-purchase networks, with improvements exceeding +5% for both Entropy-S and LC-S on
AmazonComputers using SGC. This variation suggests that specific graph properties, such as homophily,
feature informativeness, or class structure, influence GATTA’s effectiveness more than broad domain cate-
gories. We recommend pilot testing on a data subset before full deployment.

R4. GATTA generalizes across architectures. Our main experiments evaluate GATTA across six
acquisition strategies using GCN and SGC. To test architectural generalizability, we additionally evaluate
on GAT and GraphSAGE with Entropy acquisition. GATTA generalizes effectively across all four architec-
tures, with both GAT and GraphSAGE showing consistent improvements on most datasets right).
GATTA-S remains the stronger variant for GAT, while GraphSAGE exhibits more dataset-dependent be-
havior between GATTA-P and GATTA-S. These results confirm that GATTA functions as an architecture-
agnostic module that operates at the input level, requiring no model modifications.

R5. GATTA outperforms MC-Dropout MC Dropout is one of the most widely used methods for
uncertainty estimation in neural networks without requiring ensemble training, making it a natural base-
line for comparison. GATTA matches or exceeds MC Dropout performance on 4 of 5 datasets, with gains
up to +3.73% on PubMed left). However, combining GATTA with MCD yields no consistent
improvement and can substantially degrade performance (GATTA-P + MCD drops performance on Ama-
zonComputers by 8.39% below baseline). This suggests that both methods capture overlapping uncertainty
information, and their combination introduces redundant or conflicting signals. Since GATTA operates at
the input level without requiring architectural modifications, it offers a simpler and more effective alternative
to dropout-based uncertainty estimation for graph active learning.

6 Discussion and Conclusions

This work introduces GATTA, a framework for systematically integrating test-time augmentation into graph
active learning. Our evaluation reveals a practical design principle: practitioners can achieve competitive
performance by augmenting simple uncertainty methods with test-time augmentation, rather than engineer-
ing sophisticated acquisition functions. Simple methods enhanced with GATTA achieve +2.9-3.0% average
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Table 3: (Left) Accuracy gains over Entropy baseline with MC Dropout (MCD) on GCN model. GATTA-P
and GATTA-S consistently match or outperform MCD, while their combination yields no additive benefit.
(Right) GATTA performance gains across GNN architectures, confirming architecture-agnostic design. Best
per dataset/architecture in bold.

Model GATTA /ér;l /;r}‘;' Cite. Cora PubM.
GATTA MCD| 2™ Am- o Cora PubM. P 20.02 -1.06 +2.03 12.89 1480
Co.  Ph. GCN S | +4.52 4220 +1.82 +1.58 +4.58
- v | +5.71 049 +1.32 +1.93 +1.07 : : : : :
P | +0.90 +1.23 +3.26 +1.75 +0.52
~ 1002 4033 +1.13 +2.89 +4.80 SGC
p S | 45.39 4+5.60 +4.47 +4.12 +2.58
v | 839 -098 +2.03 4045 +2.00
P |1324 13.05 +2.83 +0.74 +3.81
— [ 152 +2.20 +1.87 +2.09 +3.70 GAT
S v iaos om0 Ti7s 1136 128 S | 45.39 +3.32 +3.05 +2.56 +1.71
: : : : : SAG P | +2.18 -0.19 -0.35 -2.61 -0.72
S |+1.93 +1.56 +1.66 +0.41 -1.21

improvement, with peaks exceeding +5%, matching or exceeding complex baselines while requiring no ar-
chitectural modifications. GATTA succeeds by exposing model sensitivity to local perturbations: nodes
where predictions remain stable across augmented views are likely well-understood, while inconsistent pre-
dictions reveal uncertainty worthy of labeling. This input-level approach complements existing model-level
uncertainty methods and offers a flexible, architecture-agnostic alternative.

For practitioners, we offer four guidelines. First, prioritize simple uncertainty methods (Entropy, Least
Confidence), as they benefit most from TTA and achieve performance competitive with complex baselines
at substantially lower implementation effort. Second, use GATTA-S whenever computationally feasible, as
it consistently outperforms GATTA-P and requires no filtering; resort to GATTA-P with filtering only when
acquisition functions are expensive. Third, use moderate-to-high augmentation strength (o2 ;.. € [0.4,0.5],
Pdrop € [0.3,0.5]) with ensemble size N = 500, which captures most uncertainty signal diversity while
maintaining practical runtime. Fourth, expect dataset-dependent results, so pilot testing on a data subset

is advisable.

Several limitations bound our findings. Our evaluation focuses exclusively on node classification in transduc-
tive settings; extensions to link prediction, graph classification, or inductive scenarios remain unexplored.
Our empirical study spans five datasets from homophilic citation and co-purchase networks. We expect
GATTA’s principles to generalize, as the core mechanism, measuring prediction stability under input per-
turbations, does not assume specific graph structure. Other graph types, such as dynamic or heterophilic
graphs, present distinct challenges that warrant dedicated investigation beyond our current scope. Our
filtering mechanism assumes reliable base model predictions, which may not hold in early active learning
rounds. We provide no theoretical guarantees on GATTA’s convergence or sample complexity.

Future work should investigate adaptive augmentation strategies that dynamically adjust perturbation
strength based on model confidence or graph structure. Theoretical analysis connecting GATTA’s effec-
tiveness to graph properties such as homophily or feature informativeness would provide principled guidance
for deployment. The negative interaction between TTA and epistemic uncertainty methods like ESP warrants
further investigation.

Beyond active learning, our findings suggest that test-time augmentation may be broadly applicable for
uncertainty quantification in graph neural networks. GATTA demonstrates that test-time augmentation
transforms simple acquisition functions into competitive alternatives to complex methods. By making graph
active learning more accessible to practitioners while establishing TTA as a broadly applicable tool, this
work opens avenues for test-time augmentation across graph machine learning.
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A Experimental Setup

We adopt the codebase and the experimental configuration from [Fuchsgruber et al.| (2024), including training
procedures, datasets, and active learning protocols. Our implementation of GATTA can be found in this
repository: https://anonymous.4open.science/r/gatta-8A38. Below, we describe the key components of our
setup.

A.1 Active Learning Protocol

We conduct active learning on graphs where, given an initial set of labeled nodes £ C V', we aim to acquire
labels for unlabeled nodes U C V to maximize classifier performance. Our protocol proceeds as follows:

A single node is randomly drawn from each class to form the initial training set.
The model is initialized and trained until convergence.

The acquisition strategy selects an unlabeled node for labeling.

- W =

We add the acquired label to the training set and repeat from step (2) until the acquisition budget
is exhausted.

5. After the final acquisition round, the model is retrained on all labeled nodes, and its classification

accuracy is reported on the held-out test set as the final performance metric.

Following [Fuchsgruber et al| (2024)), we re-train the classifier from scratch after each acquisition iteration.
Unless stated otherwise, we acquire one node label per iteration and fix the acquisition budget to 4C, where
C is the number of classes. The resulting final training pools, therefore, contain fewer instances compared
to dataset splits commonly used in standard semi-supervised learning benchmarks.

A.2 Datasets

We evaluate our approach on standard node classification benchmark datasets from the literature. Following
Fuchsgruber et al.| (2024]), we consider three citation networks and two co-purchase networks:

Citation Networks: CoraML (Getoor et al., |2005), Citeseer (Sen et al.| 2008]), and PubMed (Namata
et al.l [2012)). In these datasets, nodes represent papers and edges represent citations.

Co-purchase Networks: AmazonComputers and AmazonPhotos (Shchur et al.l |2018)). In these datasets,
nodes represent products and edges indicate that products are frequently co-purchased.

Dataset statistics are provided in Table

Table 4: Dataset statistics. Homophily measures the fraction of edges connecting nodes of the same class.

Dataset #Nodes #Edges #Features #Classes FEdge Density Homophily
CoraML 2,810 15,962 2,879 7 0.20% 78.44%
Citeseer 1,681 5,804 602 6 0.20% 92.76%
PubMed 19,717 88,648 500 3 0.02% 80.24%
AmazonComputers 13,381 491,556 767 10 0.27% 77.72%
AmazonPhotos 7,484 238,086 745 8 42.47% 82.72%

A.3 Model Details

As hyperparameter tuning may be unrealistic in active learning settings (Regol et all 2020), we do not
perform validation-based hyperparameter optimization for our models. Instead, we adopt hyperparameters
reported as effective in the literature and apply them uniformly across all datasets. Specifically, we use the
configuration for both SGC (Wu et al., [2019a) and GCN (Kipf & Welling} [2016)) from
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Table 5: Hyperparameters for GNN models.

Layers Hidden Dim. Learning Rate Max Epochs Weight Decay Dropout
1 [64] 0.001 10,000 0.001 0.8

A.4 Training and Evaluation Details

We train all models using the binary cross-entropy loss with the Adam optimizer (Kingma & Bal 2014),
learning rate of 1073, and weight decay of 10~3. We perform early stopping on validation loss with patience
of 100 iterations.

For each dataset, acquisition function, and model, we evaluate five dataset splits with five independent model
initializations each (25 runs in total), and report the averaged results. A priori, we fix 20% of all nodes as a
test set that is reused across all splits and initializations and cannot be acquired by any strategy. For each
dataset split, we fix 20% of all nodes as a validation set and reuse it across initializations.

We report test accuracy as our primary performance metric. All reported accuracy gains are computed
with respect to the corresponding non-TTA baseline, i.e., the same dataset-model-acquisition configuration
evaluated without test-time augmentation.

B Filtering variants

The filtering mechanism described in Section [3.5] enforces strict prediction consistency through binary masks,
which we refer to as Hard filtering from now on. We additionally explored a confidence-weighted variant
motivated by the intuition that not all consistent predictions should contribute equally. Instead of binary
masks, we compute soft weights based on each view’s confidence for the original prediction’s class:
s = (P;)y,ers, where ¢ =argmax(Pg)y,. (5)
(&

7

Using these soft weights alone proved ineffective, as inconsistent views with spuriously high confidence for
the wrong class introduced noise. However, combining hard and soft filtering, discarding inconsistent views
while weighting consistent ones by confidence, yielded a viable alternative we term Firm filtering:

w” =m - s (6)

7

Since mgv) masks out inconsistent predictions, firm filtering reduces to weighting each view by its confidence

for the predicted class. Despite early promising results, firm filtering did not outperform hard filtering in
our experiments (Table 6)), suggesting that uniform weighting of consistent views is sufficient. We report
firm filtering results in Figures [[0HI3] for completeness.

Table 6: Performance comparison (% accuracy gain over baseline) for GATTA variants under different
filtering strategies. Results averaged across CoraML and PubMed with GCN and SGC models using Entropy
and LC.

Filtering GATTA-P GATTA-S Average

Hard 1.96 +£1.27 2.16+1.28 2.06+1.28
Firm 1.97+1.34 2144135 2.06+1.34
None 0.12+1.04 249+1.42 1.31+1.72
Average 1.37+15 2264+1.36 1.814+1.50
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C Impact of Data Augmentation

In this section, we provide a detailed analysis of augmentation strength experiments for Feature Noising
and Edge Drop across two datasets (CoraML, PubMed) and two acquisition strategies (Entropy, LC), as
referenced in Section [£:2] Figures [I0 [I3] report accuracy gains relative to the corresponding non-TTA
baseline, that is, the same dataset-model-acquisition configuration evaluated without test-time augmentation.

As discussed in Section stronger augmentations generally yield better performance. Notably, filtering
mechanisms play distinct roles depending on the aggregation strategy: for GATTA-P, consistency-based fil-
tering is essential to maintain performance, particularly at higher augmentation strengths, whereas GATTA-S
achieves optimal results without filtering. These trends are consistent across both SGC and GCN architec-
tures. Additionally, we observe no substantial performance difference between Firm and Hard filtering
variants.

D Learning Dynamics and Performance Comparison

Figures present learning curves across acquisition strategies, GNN architectures, and datasets. The
upper row displays results for GCN, while the bottom row shows SGC performance. The left column
presents simple uncertainty-based strategies (Entropy, LC), and the right column shows complex strategies
(AGE, ANRMAB, ESP, MP, GEEM). Following the original implementations (Fuchsgruber et al.l 2024;
Regol et al., 2020), ESP, MP, and GEEM were evaluated exclusively with SGC. Table [7| summarizes the
final test accuracies after all active learning iterations, providing a quantitative complement to the learning
curve visualizations.

Both GATTA variants substantially improve simple strategies, enabling them to close the performance gap
with GEEM and, in several cases, surpass it (Citeseer, CoraML, PubMed). The improvements are most
pronounced for simple uncertainty-based methods and, notably, for the MP strategy. Across architectures,
GATTA-P and GATTA-S demonstrate consistent benefits, with GATTA-S often achieving better perfor-
mance in later iterations, particularly on citation networks.

Dataset characteristics significantly influence GATTA’s effectiveness, though not along simple domain bound-
aries. Within citation networks, performance ranges from strong gains on PubMed to modest improvements
on Citeseer. Co-purchase networks show high variance: Amazon Computers achieves exceptional improve-
ments (+5% or more with GATTA-S), while Amazon Photos shows more moderate gains. This variation
suggests that specific graph properties—such as feature informativeness, homophily, or class balance—matter
more than broad dataset categories.

For complex strategies like AGE and ANRMAB, GATTA provides more modest improvements and, in some
cases, may degrade performance. This suggests that sophisticated acquisition functions already incorporate
mechanisms that partially account for prediction uncertainty, making additional augmentation-based refine-
ment less beneficial. Similarly, GEEM shows consistent slight degradation with GATTA, indicating potential
interference between structure-aware acquisition and input-level perturbations.

Beyond accuracy improvements, GATTA consistently reduces performance variance. Across all simple
method configurations (Entropy and LC with GCN and SGC), GATTA-S reduces standard deviation in
18 of 20 dataset-architecture combinations, with the exceptions occurring on PubMed with SGC. This indi-
cates more reliable uncertainty estimation: aggregating predictions across augmented views stabilizes node
selection, yielding more consistent outcomes across initializations.
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Figure 4: Active learning curves for Citeseer across acquisition strategies and architectures. The rows show
performance for GCN (top) and SGC (bottom).

E Computational complexity

presents the computational overhead for a single active learning iteration across acquisition strate-
gies, datasets, and GATTA variants. The runtime patterns remain consistent across datasets, revealing
critical differences in computational scaling between aggregation approaches.

For simple strategies like Entropy, both GATTA-P and GATTA-S exhibit similar runtime scaling, with
overhead growing modestly with the number of augmentations. This pattern extends to complex strategies
when using GATTA-P, which maintains comparable runtime regardless of acquisition function complexity.
In contrast, GATTA-S with complex strategies (e.g., AGE) exhibits substantially higher computational costs
that scale linearly with both the number of augmentations and the acquisition function’s complexity.

This disparity stems from the algorithmic differences. GATTA-P has computational complexity O((N x
I) 4+ Q), where N is the number of augmentations, O(I) is the inference cost per augmentation, and O(Q)
is the acquisition function evaluation cost. The acquisition function is computed only once on aggregated
predictions. Conversely, GATTA-S has complexity O(N x (I + Q)), requiring N + 1 separate evaluations of
the acquisition function—once per augmented view.

When O(Q) is negligible compared to O(I) (as with simple strategies like Entropy or LC), both variants
exhibit similar runtimes. However, when O(Q) dominates, as with complex strategies like AGE that require
expensive graph computations, GATTA-S incurs a multiplicative overhead of N x O(Q), resulting in dramat-
ically increased iteration times. For instance, at 10,000 augmentations with AGE on PubMed, GATTA-S
requires over 5,000 seconds per iteration compared to approximately 50 seconds for GATTA-P, representing
a 100-fold difference.

These results suggest a clear practical guideline: GATTA-P is preferable for complex acquisition functions
due to its computational efficiency, while GATTA-S may be suitable for simple strategies where the additional
repeated evaluations impose minimal overhead and potentially provide marginal performance benefits.
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Figure 5: Active learning curves for CoraML across acquisition strategies and architectures. The rows show
performance for GCN (top) and SGC (bottom).

F Confidence Analysis

illustrates the evolution of prediction confidence distributions across 25 active learning iterations
for the Entropy strategy on Cora-ML with GATTA-P, averaged over 25 runs. Each panel displays a two-
dimensional histogram where the y-axis represents confidence levels (0.0 to 1.0), the x-axis shows iteration
number, color intensity indicates the frequency of nodes at each confidence level, and the red line traces
mean confidence over iterations.

The baseline confidences exhibit a wide distribution throughout the active learning process. This broad dis-
persion reflects the inherent uncertainty in the model’s predictions on unlabeled nodes. In contrast, GATTA
confidences averaged over 500 augmented views (top right panel) show a more concentrated distribution,
with increased density in the mid-range confidence region (0.4-0.6). This concentration effect suggests that
test-time augmentation reveals underlying prediction uncertainty by reducing both overconfident and under-
confident predictions, moderating them toward more calibrated estimates.

Notably, the mean confidence remains consistently above the most concentrated region in both the origi-
nal and GATTA distributions, indicating that the distribution is skewed toward higher confidences. This
asymmetry is characteristic of uncertainty-based active learning, where the strategy progressively queries
uncertain nodes, leaving a larger proportion of high-confidence predictions in the unlabeled pool.

The filtered GATTA confidences demonstrate the effect of consistency-based filtering. Compared to unfil-
tered GATTA, filtering shifts the distribution upward, reducing the density of low-confidence predictions
(<0.4). This elevation effect occurs because filtering discards augmented views with inconsistent predic-
tions, retaining only the more stable, higher-confidence predictions. The result is a distribution that is both
more concentrated and shifted toward higher confidence values, suggesting improved calibration through the
removal of unreliable augmentation-induced predictions.
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Figure 6: Active learning curves for PubMed across acquisition strategies and architectures. The rows show
performance for GCN (top) and SGC (bottom).

These distributional changes have direct implications for active learning: the concentration and elevation
effects indicate that GATTA provides more reliable uncertainty estimates, potentially leading to better node
selection and improved label efficiency.

Table 8: Comparison of GATTA variants with MC Dropout (MCD) on Entropy-based acquisition. GATTA-
P and GATTA-S consistently match or outperform MCD, while their combination yields no additive benefit.
Best results per dataset in bold.

C§$§i?:rs é’llif‘fc())sn CiteSeer CoraML PubMed
Entropy 70.06 + 7.97 84.47 + 6.12 87.48 + 3.44 74.61 + 4.7 67.69 + 6.13
+ MCD 75.77 +£ 3.64 83.98 + 4.41 88.8 + 1.72 76.54 + 3.62 68.76 + 5.63
GATTA-P 70.04 £ 7.05 84.8 + 6.13 88.61 + 1.75 77.5 £ 2.72 72.49 + 3.6
+ MCD 61.67 £ 9.31 83.49 + 5.83 89.51 + 1.07 75.06 £ 3.11  69.69 + 5.61
GATTA-S 68.54 +10.98 86.67 + 3.91 89.35 + 1.01 76.7 + 2.83 71.39 + 4.58
+ MCD 74.3 £5.5 84.17 + 7.42 89.26 + 1.45 75.97 £ 2.74 70.54 + 4.74
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Figure 7: Active learning curves for Amazon Photos across
rows show performance for GCN (top) and SGC (bottom).

acquisition strategies and architectures. The

Table 9: GATTA performance across GNN architectures with Entropy strategy. Rows marked "-" denote
baseline (no GATTA), "P" denotes GATTA-P with filtering, and "S" denotes GATTA-S without filtering. All
four architectures show consistent improvements over baselines, confirming GATTA’s architecture-agnostic
design. Best results per architecture and dataset in bold.

Cﬁr?lﬁlzlfc):rs ‘é)r}?gtzg: CiteSeer CoraML PubMed

— 70.06 £+ 7.81 84.47 £+ 5.99 87.48 + 3.37 74.61 + 4.61 67.69 £+ 6.01

GCN P 70.04 £ 6.91 83.41 £6.34 89.51 &£ 1.60 T77.50 + 2.67 72.49 + 3.53
S 74.58 +£ 6.51 86.67 + 3.83 89.30 + 1.35 76.19 + 3.35 72.27 £ 5.49

- 69.18 £ 6.63 79.79 £ 8.91 84.67 £ 6.29 76.89 £ 4.06 67.37 £ 5.79

SGC P 70.08 £+ 7.24 81.02 £+ 7.98 87.93 £ 1.81 78.64 £+ 2.83 67.89 £ 7.36
S 74.57 + 4.2 85.39 + 5.99 89.14 + 1.22 81.01 £+ 1.63 69.95 + 6.75

— 72.22 £ 2.10 82.41 £ 1.85 86.97 + 4.61 73.40 + 5.16 66.16 £ 7.77

GAT P 75.46 + 2.23 85.46 + 1.74 89.80 + 4.03 74.14 + 5.17 69.97 + 5.87
S 77.61 +1.33 85.73 £+ 2.02 90.02 + 3.4 75.96 + 5.12 67.87 £ 5.41

— 60.91 + 3.02 78.05 + 3.59 85.31 + 6.47 71.84 + 7.85 63.98 + 8.05
GraphSAGE | P 63.09 + 2.86 77.86 £ 5.78 84.96 =+ 6.29 69.23 + 7.57 63.26 £ 3.31
S 62.84 + 1.93 79.61 + 4.62 86.97 + 5.38 72.25 + 12.93 62.77 + 4.34
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Figure 8: Active learning curves for Amazon Computers across acquisition strategies and architectures. The
rows show performance for GCN (top) and SGC (bottom).
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Figure 9: Confidence distribution evolution across active learning iterations for Entropy on Cora-ML with
GATTA-P. Heat maps show the distribution of prediction confidences (y-axis) over active learning iterations
(x-axis), averaged over 25 runs. Top left: baseline confidences from the original graph. Top right: confidences
averaged over 500 augmented views. Bottom: confidences after applying consistency-based filtering. The
red line indicates mean confidence per iteration. Color intensity represents the frequency of nodes at each
confidence level.
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Figure 10: Performance sensitivity to augmentation strength and filtering for Entropy on CoraML.
Heatmaps show performance improvement (%) relative to baseline for GATTA-P and GATTA-S with GCN
and SGC architectures. Rows correspond to Firm Filter, Hard Filter, and No Filter. Axes represent edge
dropout (horizontal) and feature noising (vertical) strengths from 0.0 to 0.5. Darker red indicates larger
improvements; blue indicates degradation.
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Figure 11: Performance sensitivity to augmentation strength and filtering for LC on CoraML. Heatmaps
show performance improvement (%) relative to baseline for GATTA-P and GATTA-S with GCN and SGC
architectures. Rows correspond to Firm Filter, Hard Filter, and No Filter. Axes represent edge dropout
(horizontal) and feature noising (vertical) strengths from 0.0 to 0.5. Darker red indicates larger improve-
ments; blue indicates degradation.
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Figure 12: Performance sensitivity to augmentation strength and filtering for Entropy on PubMed.
Heatmaps show performance improvement (%) relative to baseline for GATTA-P and GATTA-S with GCN
and SGC architectures. Rows correspond to Firm Filter, Hard Filter, and No Filter. Axes represent edge
dropout (horizontal) and feature noising (vertical) strengths from 0.0 to 0.5. Darker red indicates larger
improvements; blue indicates degradation.
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Figure 13: Performance sensitivity to augmentation strength and filtering for LC on PubMed. Heatmaps
show performance improvement (%) relative to baseline for GATTA-P and GATTA-S with GCN and SGC
architectures. Rows correspond to Firm Filter, Hard Filter, and No Filter. Axes represent edge dropout
(horizontal) and feature noising (vertical) strengths from 0.0 to 0.5. Darker red indicates larger improve-
ments; blue indicates degradation.
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