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Abstract

Real-world graph data often follows long-tailed distributions, making it difficult for
Graph Neural Networks to generalize well across both head and tail classes. Recent
advances in Vicinal Risk Minimization (VRM) have shown promise in mitigating
class imbalance with numeric interpolation; however, existing approaches largely
rely on embedding-space arithmetic, which fails to capture the rich semantics
inherent in text-attributed graphs. In this work, we propose our method SAVE-
TAG (Semantic-aware Vicinal Risk Minimization for Long-Tailed Text-Attributed
Graphs), a novel VRM framework that leverages Large Language Models to per-
form text-level interpolation, generating on-manifold, boundary-enriching synthetic
samples for minority classes. To mitigate the risk of noisy generation, we introduce
a confidence-based edge assignment that uses graph topology as a natural filter to
ensure structural consistency. We provide theoretical justification for our method
and conduct extensive experiments on benchmarks, showing that our approach
consistently outperforms both numeric interpolation and prior long-tailed node clas-
sification baselines. Our results highlight the importance of integrating semantic
and structural signals for effective learning on text-attributed graphs.
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Figure 1: Comparison of numeric and LLM-based interpolation.(a) Illustration of the two
interpolation strategies; (b) Advantages of LLM-based interpolation in producing boundary-enriching
samples are highlighted (visualization uses synthetic data for illustration); (c) UMAP projection of
the original and interpolated samples from the Cora dataset—the original data boundary is outlined,
with numeric samples mostly staying within and LLM-generated samples extending beyond.

1 Introduction

Graph Neural Networks (GNNs) have proven effective for node classification by modeling structural
dependencies in graph data. However, real-world graphs frequently exhibit long-tail distributions
[1H3]], making it difficult to learn from underrepresented classes.
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Recent approaches to data imbalance often adopt the Vicinal Risk Minimization (VRM) prirdiple [
which minimizes loss over a synthetic neighborhood of the training data—extended from Empirical
Risk Minimization (ERM) [B] that focuses solely on the existing data points. Typically, VRM is
instantiated via interpolation techniques like Mixi@ &nd SMOTE ], and has been adapted for
long-tailed graph learning in methods including GraphSMOBEahd MixupForGraphg], etc.
However, these methods often apply mathematic operations over input embeddings or hidden features,
failing to preserve the rich manifold structure of text-attributed graphs (TAGS).

Advances in large language models (LLMs) present new oppor-

tunities for data augmentation by offering external knowledge

and creative generation. However, prior LLM-based augmenta-

tion approaches typically rely on zero-shot or few-shot prompt-

ing [10, 11], which usually fail to generate samples within the

neighborhood of minority instances, as required by the VRM

principle. Nevertheless, VRM has been demonstrated criti-

cal in improving long-tailed node classi cation. As shown

in Figure 2a, VRM-guided numeric interpolation with nearest  Figure 2: Effect of VRM.
neighbors yields synthetic embeddings that outperform ERM-style embedding duplication.

Motivated by this insight, we hypothesize that prompting strategies explicitly designed to mimic
interpolation will surpass standard zero/few-shot approaches, which is subsequently validated by
the results in Figure 2b. Furthermore, integrating controlled prompting into LLM generation can
alleviate common pitfalls of numeric interpolation, enabling manifold-aware, boundary-enriching
augmentation that effectively exploits the knowledge encoded in LLMs (see Figure 1).

While LLM-based interpolation shows great potential, it also carries the risk of generating noisy
samples. To mitigate this, we leverage the inherent structure of the graph as a natural Iter. Using
a con dence-based edge assignment strategy, noisy samples tend to remain isolated, limiting their
in uence on downstream tasks. In contrast, synthesized nodes aligned with the original distribution
will be connected with the original graph, allowing GNN layers to reinforce their alignment through
neighborhood aggregation.

In summary, we introduce a novel interpolation framewdsk) E-TAG, which uni es textual

semantics and graph topology. Our method employs LLM-based interpolation to expand the vicinal
boundary and reduce vicinal risk, followed by a topology-aware Itering mechanism that preserves
alignment within the underlying data distribution. Our key contributions are summarized as follows:

* To the best of our knowledge, we present the rst semantic-aware VRM framework that employs
LLM-based interpolation for node classi cation on long-tailed text-attributed graphs (TAGS).

» We provide theoretical insights showing that LLM interpolation can generate manifold-preserving,
boundary-enriching samples that effectively minimize vicinal risk, while a topology-aware Iter
helps mitigate noisy generation in the synthesized data.

» We conduct extensive experiments showing our method outperforms embedding-based and long-tail
baselines, highlighting the value of semantic and structural signals in imbalanced learning.

2 Problem Formulation
Let G= (V;E;T) be an attributed graph wifVj = n nodes, feature matrixx 2 R" ¢, and labels

P on(X;Y). Our goal is to learn a node-level classier : R V! € 1 e.g., aGNN, that
maximizes classi cation performance.

3 SAVE-TAG

The SAVE-TAG pipeline is shown in Figure 3, with pseudocode in Algorithm 1 (Appendix B).
It consists of: (1)Vicinal Twin Identi cation: nd same-label twins in tail classes; (2LM
Synthesis: generate class-consistent texts via a class-conditioned LLMZ¢B)dence-aware
Edge Assignment:connect aligned samples and isolate noisy onesiG(MIN Training: train a
message-passing GNN on the augmented g&ph( V% E% T9).

*For text-attributed graphs, each rowXfstores a tokenized document.



Figure 3: An overview oSAVE-TAG. Given an input grapks = (V; E; T), we performLLM-based

interpolationon identi ed vicinal twinsto synthesize boundary-enriching samdléisat minimize
vicinal risk. A con dence functions then pre-trained on the original graph and later used to assign
edges to the synthetic nodes via a topelection strategy. When the resulting augmented graph
G’ = (V% E%TY is processed by a GNN, such edge assignment incorporates well-aligned nodes into
their vicinity while isolating noisy samples.

Steps (1) and (2) are incorporated imtioM-based Vicinal Risk Minimizatiofx 3.1), while steps (3)
and (4) are uni ed undeGraph as Natural Filtergx 3.2), detailed below. Complete proofs of all
theorems are provided in Appendix F.

3.1 LLM-based Vicinal Risk Minimization

Vicinal Twins for Tail Classes. LetG f 1;:::;Cgdenote the set of tail classes. For any text-
attributed noder; with y,, 2 C;, we de ne its vicinal twins aiN k(ta") (Vi) = V22V vy, =

Yvi; V2 2 Ng(ve) .

LLM -based interpolation. For any pair of vicinal twingv;;v;) and their corresponding text
attributest,, andt,,, we generate a synthetic teﬁg,-t by querying the LLM ( denoted als ):

f\ij =L (ty;ty, ] Yy ). Thisyields a new text-attributed nogig with labelyy, = y,,. We collect
the set of synthetic nodes ¥s:= 4;; and their corresponding texts @s:= fj .

3.1.1 Staying on the Manifold

Let : T !X beatextencoder,and = (t,)the embedding of nodewith te§tt\, 2T. For

eachclass 2 f 1;:::; Cg, the class manifold iM . = fx, j yy = cg, withM = le M .. Let

(v1;Vv2) be a pair ofvicinal twinswith texts(t;t>).

Theorem 3.1 (Manifold-Preserving Class-Consistent Generatidngtf L (t1;t» j €) be a
synthetic text from an LLM conditioned on clasdf p(t j y = ¢) places mass at leagt on

M ¢, andL ( j c) approximateg( j y = c) within total-variation error , thenf'lies inM . with
probability atleastl. ( + ).

3.1.2 Boundary-Enriching Effect of LLM Samples

Let X RY be the input space and = f1;:::;Cg the label set. A classief outputs logits
f (©(x) for classc 2 Y and the logit margin is denoted asWe augmenX with m LLM -generated
pairsf (&;;9;)g; to formX%:= X [f (%;;9 )9

De nition 3.2 (Boundary-Coverage Rate (BCR)A labeled samplé€x;y) is aboundary samplef

the majority of itsk Nearest Neighbors have labels different frgifil2]. BoundaryCoverage Rate
(BCR) is the fraction of boundary samplesif .

Theorem 3.3(Margin Lower Bound) Let min (X) and min (X9 be the minimum margins of models
trained on the original dataset and augmented dataskt’, respectively. Then, adaptingJ], for
some slack parameter> 0, min (X9 min (X) (1 BCR):

3.1.3 Vicinal Risk Minimization with LLM-based Neighborhood

Letf 29 denote the model trained by VRM][on the augmented dataséP, and letf °™® denote the
model trained without augmentation &n whose vicinal risk is denoted &5, .



Theorem 3.4(Boundary coveragg lower vicinal risk) Assume the loss functidn is L -Lipschitz
in its rst argument. Then, for any tolerance parameter 0, Ry (f '9) Ryrm (f °"9)

L o(BCR ) + O( ), wherelL is the Lipschitz constant of the loss, ;= min (X) is the
minimum margin before augmentation.

3.2 Graph as a Natural Filter

LetV denote the set of synthetic nodes, ahe ffy : ¢ 2 Vgbe their corresponding texts, where
each¢ is a newly generated text-attributed node producetlbyl-based Vicinal Risk Minimization
(seex 3.1). We employ an encoder: T [ T ! X Cto obtain textual representations.

3.2.1 Con dence function.

Using the frozen encoder, each noder (real or synthetic) is mapped i = enc( (ty)) 2 RP
via an MLP encoder. For any edde; v), a predictor MLP outputs a log#,, = pred(hz,;z,i).
We trainencandpred on the original graph with &ogSigmoid loss so true edges score higher
than non-edges. At test time, logits are converted to pairwise con defwcer) =  (Suv) 2 [0; 1],
where is monotonic, making ranking by or s equivalent.

3.2.2 Con dence-aware edge assignment.

Let V be the set of synthetic nodeg,the set of original nodes, andf’ := V [ V the complete
augmented node set. For each candidate(pai¥) 2 V° V, we compute (u; ).

Global top-K selection.We form the score matrix over all pails= V° V and select the top-
edgesE = argtopK . (,.¢)2p  (U;¥); with K = kjVj (avg.k edges per synthetic node). The
augmented graph i8°= (V% E [ E); used for downstream node classi cation.

3.2.3 Denoising in GNN Aggregation.
Aggregator.Adapting [L4, 15], consider a generic message-passing layer that updates the hidden
representatiorm\(,\) 2 RP of nodev at layer™ by blending its own transformed features with a
weighted sum of its neighbors' transformed features: X
h{™ = Whi) +@ ) w W h{); €N
u2N (v)

where 2 [0; 1]is a mixing coef cient W 2 RP P is a trainaple weight matrityl (v) denotes the
neighbor set o in G, and , 0 are neighbor weights with v w=1

manifoldM 2 RP in the learned feature space. For anySet RP, writedist( ; S) = inf y,5 k
yk, for the Euclidean distance from a pointo the closest point is.

Theorem 3.5( Con dence) pulling). Let¢ 2 V be synthetic with labed and de ne the con dence-
Itered anchor set (for threshold 2\(0; IHN@) = fu2v: (0;u) g6 ?:Assume every

neighboru 2 N (¢) satis esdist h{):M 0 " for some" 0. Then there exists a contraction
factor %2 (0; 1) (independent of ) such thaidist hg”) ;M2 Y%dist hg); M 2 ; and iterating
(1) yields exponential convergence towand? [16-18].

Theorem 3.6( No con dence) isolation) If (¥;u) < forallu2V,thenN ()= ? and the
update reduces tbgﬂ) = W hg) for all *. Thus¢ neither in uences nor is in uenced b@°.

4 Empirical Results

We investigate three research questions (RQs):
* RQ1: Can LLMs generate boundary-enriching samples via manifold interpolation to enable
VRM for textual data?
* RQ2: Can con dence-based edge assignment effectively Iter noisy samples?
* RQ3: Does the full framework outperform state-of-the-art methods on long-tailed TAGs?

We next outline the setup and present results. Overall, our method consistently surpasses existing
baselines, demonstrating strong effectiveness for node classi cation on long-tailed TAGs.



4.1 Experimental Setup

Datasets. Following prior work B, 19, 20], we use three citation networks (Cot&l], PubMed,
Citeseer 22)]) and three larger Amazon datasets (Photo, Computer, Chil@3n Dataset statistics

are in Table 9 (Appendix C).

Metrics. We report bAcc, macro-F1, GMean, and Acc over ve runs with xed seeds, and assess
boundary enrichment with Boundary Coverage Ratio (BCR), Boundary Proximity Score (BPS), and
In-Class Rate (ICR), de ned in Appendix A.

Baselines. We compare against: (LLM-based augmentatiofzero-shot and few-sho1, 11]);

and (2)long-tailed graph learningnethods, including Oversampling@4], SMOTE [7], Embed-
SMOTE [25], MixupForGraph ], GraphSMOTE and GraphSMOTE [8], LTE4G [3], and Hier-

Tail [2]. We also design threeAY E-TAGvariants with different VRM strategies (Appendix B).

Models. Unless otherwise noted, text is generated with Llama3-8B-Instruct, encoded by Sentence-
BERT (@lI-MiniLM-L6-v2 ). Node classi cation uses a GCN.

4.2 Semantic-aware Bene ts (RQ1)

Figure 4: LLM interpolation preserves manifolds and enriches boundaries on the Citeseer dataset.

On-Manifold. To compare on-manifold LLM-based and off-manifold numeric interpolation, we
evaluate node classi cation on multiple benchmarks. Figure 4(a) shows results on Citerabed
leverages LLaMA 3.2-1B embeddings for interpolation, wiSimCSEandSBERTserve as alternative
embedding-based baselines. Our LLM-based method using LLaMA 3.2-1B consistently outperforms
all numeric interpolation baselines. Similar trends on other datasets can be found in Appendix A.
Boundary-enriching Effects. Figure 4(b) shows UMAP projections of Citeseer. Numeric interpola-
tions remain inside the original boundary, while LLM-generated samples extend beyond, enlarging
the VRM decision region.

We next report BCR and BPS (Figure 4c; Appendix A) under three settings: Original, Interp+Orig,
and Interp-Only. Original data achieves the highest scores, con rming real data's proximity to
decision boundaries. Importantly, LLM interpolation consistently surpasses numeric interpolation,
better aligning with the original distribution while enriching boundaries.

For class consistency, we trained balanced MLP classi ers. On Citeseer (Figure 4d), the classi er
reached’1:3 0:7 accuracy. Numeric interpolations yield 100% In-Class Rate (ICR), while LLM
interpolations achieve ICRs of 81%, 69%, 94%, and 100%, re ecting boundary-near samples
occasionally shifting to neighboring classes. Additional datasets are reported in Appendix A.

4.3 Necessity of Con dence-based Edge Assignment (RQ2)

Isolating Noisy Samples. We instantiate

the condence function with atop-k rule,

where each synthetic node retails =

# augmented nodes n highest-con dence

edges. Varyingn, Figure 5a shows isolated nodes

(log-scaled) shrink alwg(n) increases, while Fig-

ure 5b yields a bell-shaped accuracy curve (rel-

ative ton=1), con rming our hypothesis: With Figure 5: Top-k edge selection.

smallk, many synthetic nodes become singletons (Theorem 3.6), leaving minority manifolds under-
populated. In contrast, lardeinduces excessive connectivity, leading to over-smoothing [26].

Effectiveness of Con dence Function. We compare edge duplication vs. con dence-based as-
signment (C"). Table 2 shows that con dence-based assignment consistently improves performance
under LLM interpolation. Similar gains hold for numeric interpolation, except on Cora and Photo,
where off-manifold samples are better isolated by our method.



4.4 Enhancementin Long-tailed Graph Learning (RQ3)

Table 5 shows that our method, particulaBgV E-TAGs, outperforms prior baselines in node
classi cation on long-tailed text-attributed graphs.

Method Cora Pubmed Citeseer
Acc F1 GMean bAcc Acc F1 GMean bAcc Acc F1 GMean bAcc
SMOTE 71.82.7 70821 82717 71827 685 6.2 655 10.1 75948 685 6.2 50.7 3.0 479 3.1 67.6 2.2 50.7 3.0

Oversampling 72913 72.009 83409 729 13 58563 504 65 68151 58563 52049 49.64.7 68536 520 4.9
EmbedSMOTE 70.01.6 69.8 1.4 815 1.0 70.01.6 63.47.6 60.39.7 72059 63476 47520 45425 65215 47520
GraphSMOTE 744 40 742 43 844 26 74440 67950 67850 75539 67950 50528 48132 67421 50528
GraphSMOTE 74.3 3.7 74149 84330 74347 69.750 69948 76939 69750 52016 49.818 686 12 520 1.6
MixupForGraph 66.42.7 63.32 2.7 80.1 1.6 68.0 25 69.6 0.8 687 1.1 759 1.1 687 1.6 63219 59419 75118 609 25
HierTail * 728 53 73347 83334 72853 72482 72477 79.06.3 7258.0 49.6 9.6 445 113 66.57.4 49.6 9.6
LTEAG* 742 38 74138 84324 74238 72915 72619 79412 72915 51438 49237 68128 51438

SAVE-TAGo 721 01 70901 84503 74804 72803 73.004 80.20.2 75.00.2 69.9 0.2 66.80.2 79.90.1 67.80.2
SAVE-TAGwM 73.0 0.4 71803 85102 75804 71302 71203 79.10.1 73.6 03 69503 65904 79.30.3 66.9 0.5
SAVE-TAGs 76.4 0.3 74.1 0.3 85.8 0.2 76.6 0.3 76.3 0.7 76.40.8 82505 77.6 0.7 69.9 03 66.9 0.3 80.10.3 68.104

Table 1: Comparison of 8/E-TAG with previous long-tail graph learning baselines.

4.5 Ablation Studies

We conduct ablations (Table 2) showing that LLM interpolation outperforms numeric, and incorporat-
ing the con dence function (with subscript) further improves node classi cation (see Section 4.3).

Method‘ Cora | PubMed | Citeseer | Photo | Computer | Children

| F1 Acc | F1 Acc | F1 Acc | F1 Acc | F1 Acc | F1 Acc

Origin 70.40 72.46| 47.79 55.09| 49.63 53.71| 54.99 51.69| 4493 49.34| 225 3.00

Num 70.59 73.11| 69.06 69.43| 62.69 65.89| 57.29 55.74| 48.90 54.47| 1587 16.01
SAVE-TAGg Numg 70.09 72.44| 69.19 69.63| 65.19 68.79| 56.05 54.97| 49.31 54.69| 19.32 18.87
LLM 7254 7451 | 7254 7250 | 66.51 69.19 | 58.40 56.75| 52.81 60.17 | 17.94 17.82

LLMc 7405 76.36| 76.43 76.35| 66.85 69.89| 59.20 58.65| 56.89 66.26| 19.69 18.64

Origin 70.40 72.46| 4779 55.09| 49.63 53.71| 54.99 51.69| 44.93 49.34| 225 3.00

Num 71.04 73.80 | 69.44 69.77| 63.12 66.28| 57.08 55.08| 49.47 55.78| 15.75 15.80
SAVE-TAGo Numc 70.89 72.76| 69.01 69.43| 64.75 68.24| 54.44 51.31| 48.85 5457 18.13 17.50
LLM 70.09 72.86| 71.44 7151 | 66.99 69.58 | 59.32 58.19 | 5245 59.45 | 18.06 18.31

LLM¢c 7321 75.32| 7296 72.80| 66.82 69.90 | 63.62 66.17| 57.03 65.12| 21.81 2299

Origin 70.40 72.46| 47.79 55.09| 49.63 53.71| 54.99 51.69| 4493 49.34| 225 3.00

Num 7321 75.32| 70.48 70.73| 63.52 67.24| 57.92 56.04| 49.47 53.85| 15.93 16.68
SAVE-TAG Numg 7186 71.18| 72.66 72.46 | 64.10 68.89| 56.74 54.57| 53.78 60.03 | 19.07 18.10
LLM 7230 7421 | 7134 71.38| 66.93 69.69 | 59.53 58.06 | 52.45 55.77| 18.82 19.98

LLMc 7054 7251| 76.18 76.26| 67.96 71.60| 59.45 58.60 | 57.83 66.98| 22.16  24.50

Table 2: Ablation Studies. Node classi cation under three variants 8AVE-TAG using GCN.
Origin uses no augmentatioNjumandLLM apply numeric and LLM-based interpolation. Subscript
¢ denotes con dence-based edge generation; lack of subscript implies naive edge duplication.

5 Related Works

Here we outline relevant concepts and advances; see Appendix D for details.

* Vicinal Risk Minimization (VRM)VRM [27] extends ERM §] by estimating risk from local
vicinity distributions, enhancing model generalization. It underlies methods like MB&|@hd
SMOTE [7], which create synthetic samples via interpolation.

» Long-tailed Graph Learningin graph learning, long-tailed node classi cation is typically ad-
dressed via hierarchical task grouping like HierTail [2] and expert models like LTE4G [3].

« Large Language Model (LLM) Data Augmentatidaenerally, LLMs augment data by generating
contextually relevant text via zero-shot or few-shot instruction-based prompts [10, 29].

6 Conclusion

This paper presents a novel interpolation framework for long-tailed node classi cation that uni es
semantic and structural signals. With LLMs, we generate manifold-consistent, boundary-enriching
samples to extend VRM to the textual domain. To mitigate out-of-distribution generation, we
introduce a con dence-based edge assignment that Iters synthetic nodes via graph connectivity.
Theoretically and empirically, our method outperforms numeric interpolation, standard LLM aug-
mentation, and prior long-tailed graph learning across benchmarks.

“Modi ed code while running on PubMed dataset to prevent out-of-memory issues due to scalability.
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