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Abstract. Text-attributed graphs (TAGs) have become increasingly important in modern applications such as
citation networks, knowledge graphs, and social platforms. As their scale and complexity continue to grow,
anomaly detection in TAGs has attracted substantial attention. Despite recent progress, effectively exploiting
the heterogeneous information available in these graphs remains a challenging task. At the same time, graph
foundation models have recently emerged as a promising direction in graph learning, yet their potential for
anomaly detection is still underexplored. In this paper, we propose the Tri-Level Anomaly Detection model
(TriAD), a novel model for text-attributed graph anomaly detection that jointly leverages three levels of
information: graph structure, node text, and representations obtained from a pretrained graph foundation model.
TriAD aligns these levels in a shared representation space via cross-level contrastive learning, allowing it to
capture inconsistencies between local graph context, semantic content, and higher-order structural patterns. By
incorporating foundation-model-based graph representations, TriAD provides an additional anomaly signal that
complements text and local graph structure. Across four benchmarks, TriAD obtains the best ROC-AUC on all
four and the best Average Precision on three. In addition, we introduce an anomaly generation procedure to
construct a new WordNet-domain dataset with a broader variety of synthetic anomalies. This dataset may be
useful for future studies on anomaly detection in text-attributed graphs.
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Amnnortanus. I'padsr ¢ rexcrosiMu atpubyramu (Text-Attributed Graphs, TAGs) npuo6peTator Bcé Goubliee
3HaYEHHE B COBPEMEHHBIX NPHIOKEHUSX, TaKHX KaK CeTH LHUTHPOBAHHsA, Ipadbl 3HAHHWI M COLHAIbHBIC
wiatopmbl. [To Mepe yBennueHUst MX MaciiTada M CIOXKHOCTH 3anada oOHapyxeHus aHoMmanuid B TAG-
rpadax npusiekaer Bcé Goiblie BHUMaHMs1. HecMoTps Ha HejaBHUI porpecc, 3G (HEeKTHBHOE UCIIOIb30BaHHIE
Pa3HOPOHOI HH(POPMAIMH, COAEpIKAIIeHCs B TaKuX rpadax, HOo-IPEKHeMy 0CTaETcs CIOXKHOU 3anadeil. B To
ke BpeMs pyHIaMeHTaIbHble Mojenu 1uist rpadoB (graph foundation models) HeaBHO cTany nepCrIeKTUBHBIM
HANpaBJICHUEM B O0JACTH MALIMHHOTO OOyuYeHUs Ha rpadax, OJHAKO MX MOTEHIMAN ISl OOHAPYKEHUs
aHOMAJIHIA TI0Ka UCCIIC/IOBaH HEJI0CTaTo4HO. B nanHO# pabore mbl npeiaraem Tri-Level Anomaly Detection
model (TriAD) — HOBY0 MOJEIb JUIsi OOHAPY)KEHUS aHOMAJIUii B Tpadax ¢ TEKCTOBBIMHU aTpUOyTaMu, KOTOpas
COBMECTHO HCIIONIb3yeT MH(GOPMALHIO Ha TPEX YPOBHAX: CTPYKTYpY rpada, TeKCT y3/I0B H IPEACTaBICHUS,
HOJIyYCHHBIE C IIOMOLIBIO HPEABAPUTENIBHO O0ydYeHHOIl (yHmameHTanbHOM Momenu it rpados. TriAD
COIJIACOBBIBAET AT TPH YPOBHS B OOIIEM IPOCTPAHCTBE IPEJCTABICHHH C IOMOILBIO MEXYPOBHEBOIO
KOHTpacTHBHOTO 0O0yueHust (cross-level contrastive learning), YTO MO3BOJSET MOJEIN BBISABIATH
HECOOTBETCTBHS MKy JIOKATbHBIM IPpadOBBIM KOHTEKCTOM, CEMAHTHIECKUM COZIEPIKAHUEM H CTPYKTYPHBIMU
3aKOHOMEPHOCTAMHU 0o0Jiee BBICOKOro nopsjixa. Mcrnomnb3oBanue rpa)oBbIX NPEACTaBICHUH, MOTYYEHHbIX C
HOMOIIBI0  (DYHIAMEHTAIBHOI MOJENH, INPEIOCTABISET IONONHUTENbHBIH CHUTHAI 00 aHOMAJIBHOCTH,
JIOTIOJTHSIOIINN TEKCTOBYIO MH(OPMAIIUIO U JIOKAIBHYIO CTPYKTYpy rpada. Ha derbipéx OGenumapkax TriAD
MOKa3bIBAaeT Hammy4iuii pesyssraT no merpuke ROC-AUC Ha Bcex ueThIpéX Habopax JaHHBIX U HAMITYYIIHI
pesynbrar mo Average Precision Ha Tpéx m3 Hux. Kpome Toro, Mel mpejiaraeM NpoLeaypy IeHepaiuu
aHOMAIUH I HOCTPOCHHS HOBOTO Habopa MaHHBIX Ha ocHoBe pomeHa WordNet, comepikamero Gonee
IMIUPOKUH CIEKTP CHHTETHYECKUMX AHOMAIHil. DTOT HAOOp HaHHBIX MOXKET OBITh HONE3eH I Oymymux
HCCIIeI0OBaHUMN B 00J1aCTH OOHAPYKEHHUST aHOMANHIT B rpadax ¢ TEKCTOBBIMHU aTpHOyTaMH.

KioueBsle ci1oBa: oOHapyxeHHe aHoManwmii B rpadax; dyHIaMeHTanbHble MOJeH Uit rpadoB; rpadsl ¢
TEKCTOBBIMU aTpUOYTaMH; KOHTPACTHBHOE OOyUeHHE.

Jast uurupoBanus: Mouceiikun A.J1., IpoGsimesckuii M.J1., ConoBbeB M.B. TpéxypoBHeBoe 0OHapykeHHe
aHoOMaJuii B rpadax ¢ TEKCTOBBIMU aTpUOyTaMH C HCIIOJIb30BaHHEM Ipad)oBoi (yHIaMEHTAIBHOW MOJICIIH.
Tpyaer UCIT PAH, 2026, tom 38, BbIN. 6, uwacth 4, crp. 73-86 (Ha anrimiickom s3eike). DOI:
10.15514/ISPRAS-2026-38(6)-5.

BaaronapHocTu. Pe3ynbTaThl HOJIy4eHbl € UCIOJIB30BaHUEM YCIyr LleHTpa KOJUIEKTUBHOTO IOJIb30BaHUS
HucTuTyTa cucteMHoro nporpammupoBanust uM.B.I1.MIBannukosa PAH — IIKIT CIT PAH.

1. Introduction

Text-attributed graphs (TAGs) are widely used in applications such as citation networks,
recommendation systems, social platforms, and knowledge-centric domains [1]. In TAGs, nodes are
connected by edges encoding interactions or semantic relations, while nodes contain textual
attributes.
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The growing use of TAGs has increased the importance of node anomaly detection [2-3]. Anomalous
nodes may deviate from normal patterns in their structural context, textual content, or relational
behavior.

Anomaly detection in TAGs is challenging because anomalies may not be visible from structure or
text alone. Instead, they often appear as inconsistencies between the two modalities [4]. For example,
in a citation graph, a paper may be linked to machine learning papers while its title and abstract
discuss medieval history. Therefore, effective TAG anomaly detection requires modeling both local
node-level signals and higher-order structural patterns [3-4].

In this work, we consider a label-aware setting in which labels are available for the predefined
training split, while anomalous nodes form only a small minority of the labeled examples. Test labels
are never used during model development, while validation labels are used only for checkpoint
selection and are not used for gradient-based training. Since existing methods rely on supervision to
different extents, we report unsupervised and label-aware methods separately and ensure that all
label-aware methods use the same labeled training nodes and data splits [4-5].

Hypothesis. We hypothesize that aligning three distinct levels of node representation—textual
semantics, local graph-aware structure, and pretrained foundation-level structural priors—provides
a stronger anomaly signal than bi-level text—graph or single-view graph representations. We evaluate
this hypothesis through comparisons with bi-level and single-view baselines, as well as ablations
that remove the foundation branch or its cross-level alignment.

To test this hypothesis, we introduce Tri-Level Anomaly Detection (TriAD), a model for anomaly
detection in text-attributed graphs. TriAD combines graph structure, textual node attributes, and
representations from a pretrained graph foundation model. These three levels are projected into a
shared space and aligned to capture cross-level consistency while highlighting anomalous
deviations. By modeling irregularities within and across levels, TriAD provides a richer anomaly
signal than bi-level text—graph or structure-only approaches.

We also address the limited availability of anomaly-oriented TAG benchmarks in semantically rich
domains. Although recent work has expanded TAG benchmarks [4], existing resources remain
limited in scale and diversity. To reduce this gap, we introduce a structurally and textually
constrained anomaly generation algorithm and use it to construct a new WordNet-based dataset [6].
We expect this dataset to support both our evaluation and future research on anomaly detection in
text-attributed graphs.

The main contributions of this work are as follows:

e  We propose a new method for node anomaly detection that combines pretrained graph
foundation representations with structural and textual information, enabling the model to
capture anomalies arising from text-level, graph-level, and cross-level irregularities.

e We introduce an anomaly generation algorithm and a WordNet-based synthetic anomaly
benchmark for text-attributed graph anomaly detection, providing a diverse testbed for
evaluating four contextual and four structural anomaly patterns.

The rest of the paper is organized as follows. Section 2 reviews related work. Section 3 presents the
proposed method. Section 4 describes the anomaly generation algorithm and the construction of the
WordNet dataset. Section 5 reports the experimental results. Section 6 concludes the paper.

2. Related work
2.1 Graph Anomaly Detection

Early graph anomaly detection approaches relied mainly on classical methods. LOF [7] identifies

nodes with abnormal local density, SCAN [8] detects structurally inconsistent vertices, and Radar

[9] models anomalies through residual analysis.

Deep learning methods later became dominant. DOMINANT [10] detects anomalies from

reconstruction errors of node attributes and graph structure, while GAD-NR [11] reconstructs node
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neighborhoods. Self-supervised methods further improved this direction: CoLA [12] formulates
anomaly detection as a contrastive task, ANEMONE [13] introduces multi-scale contrastive
learning, SL-GAD [14] combines generative and contrastive objectives, and GRADATE [15] uses
multi-scale anomaly scoring. AEGIS [16] studies adversarial inductive anomaly detection.
However, most of these methods are designed for attributed graphs and mainly rely on structure or
generic node features, while textual semantics are not the main focus.

2.2 Anomaly Detection in Text-Attributed Graphs

In text-attributed graphs, anomalies may appear in graph structure, textual content, or their cross-
modal relation. CMUCL [4] uses cross-modal and uni-modal contrastive learning, while GUARD
[5] employs a graph-informed language-model framework.

These methods can be evaluated under different supervision regimes. CMUCL is primarily a
contrastive TAG anomaly detection framework, whereas GUARD can incorporate supervision
during downstream adaptation. Since these settings are not identical, we distinguish unsupervised
and label-aware protocols in our experiments and use the same labeled training nodes for all methods
that exploit anomaly labels.

Nevertheless, existing TAG anomaly detection methods are still mostly evaluated on relatively
narrow anomaly settings, such as graph—text inconsistency or limited structural and semantic
perturbations. They have not been extensively studied across a broader range of anomaly types in
text-attributed graphs.

2.3 Graph Foundation Models for Graph Representation Learning

Graph foundation models and graph pretraining methods aim to learn transferable graph
representations rather than optimize only for a single downstream task. They capture general
structural regularities that can transfer across graph learning problems, and recent surveys
summarize their concepts, opportunities, and challenges [17].

AnomalyGFM [18] extends this idea to graph anomaly detection through zero-shot and few-shot
adaptation across unseen graphs. It learns graph-agnostic normal and abnormal prototypes and aligns
them with node residual representations. This shows that anomaly detection can benefit from
foundation-level structural priors. However, AnomalyGFM mainly targets structural anomaly
generalization, while our setting involves text-attributed graphs, where anomalies may also arise
from structure—text inconsistency.

We use GFT [19], which learns transferable graph- and node-level representations through a
pretrained tree-based vocabulary. It provides higher-order structural information that can
complement graph—text anomaly detection models.

3. Model Architecture

In this section, we introduce our TriAD model. We first describe the model components used in the
framework, and then explain how these components interact and how the overall model is trained.

3.1 Feature Extraction Modules

Our approach combines three components to model different aspects of node behavior.

Node embedding: To extract semantic features from node text, we use a Transformer encoder.
Given the textual attribute of a node, the encoder produces a text embedding vector hf =
Transformer(x}), where x! denotes the textual attribute of node v, and hf is its semantic
representation.

Graph embedding: To capture graph topology, a GCN propagates the text-derived node feature
matrix X through adjacency structure A, producing the graph-aware embedding hy = GCN(X, 4),,.
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Thus, the graph branch refines textual node features using local topology rather than operating on
purely structural inputs.

GFT-based node representations.

To obtain pretrained structural representations of nodes, we use GFT, which is pretrained on multiple
graph datasets. Given the node features X and the graph adjacency structure A, GFT produces a
foundation-level embedding for each node: h,’; = GFT(X,A),, where h,{ € R? denotes the
pretrained node representation of node v.

The text, graph, and foundation embeddings capture semantic information, local topological context,
and pretrained structural information, respectively, and are aligned in a shared representation space.

3.2 Tri-level interaction

After extracting the text, graph, and foundation embeddings for each node v, we additionally
construct neighborhood-level representations for all three levels. Let Vg (v) denote the set of K
sampled neighbors of node v. Then, for each level m € {t, g, f}, we define the neighborhood
representation as h7 = %ZueNK(,,) h}. Thus, for each node, the model operates on six
representations: ht, ht, h?, hd,h/, h/.

Before computing the loss, we normalize all representations

= hy' Al hy' me{tg, f}

(T ) TR

Given two sets of embeddings, {a;}2_; and {b;}2_,, where B is the batch size and a;, b; € R? are d-
dimensional embedding vectors, we define their similarity as Sg-'b = Tainj, where T=1/T is a

learnable inverse-temperature scale.
Based on this similarity, we define the symmetric contrastive loss between two embedding sets as
exp(S7") . exp(S5y”
B ab B aby |
=1 j=1exp (S j=1exp (S
This loss follows the general InfoNCE-style contrastive learning paradigm also used in CMUCL,

but we adopt a symmetric formulation that averages the row-wise and column-wise matching
directions.

Table 1. Six pairwise relations used in the text—graph interaction module.

# Compared representations Loss term
1 node graph vs. node text L(z9,2%)
2 node graph vs. neighborhood text L(z9,7%)
3 neighborhood graph vs. node text L(Z9,z")
| gt 20
5 node graph vs. neighborhood graph L(z9,29)
6 node text vs. neighborhood text L(zt,ZY)

The six relations in Table 1 define the text—graph interaction module inherited from CMUCL. The
first four terms align graph and text representations across node-level and neighborhood-level views,
comparing each node with both its own representation and the representation of its local
neighborhood. This allows the model to capture not only direct graph—text consistency, but also
whether the node remains compatible with its surrounding semantic and structural context. The last
two terms preserve intra-modal consistency between node-level and neighborhood-level
representations within the graph and text branches.
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By combining all six relations, we obtain the bi-level text—graph objective

Ly = L(z9,2%) + L(29,Z") + L(Z9,2") + L(Z9,Z") + y(L(29,29) + L(z',Z")),
where y is a weighting coefficient that downweights the intra-modal consistency terms relative to
the main cross-modal alignment terms.
The objective L1¢ models text—graph interaction. TriAD extends it with the GFT representation as
a third level, aligning task-specific representations with a higher-level structural prior.

| Target node v |
with local context

| Graph level | Text level
| Graph encoder | | Text encoder

L~ ==

22 z! #i

.-

Tri-level alignment

shared representation space

Pairwise consistency |£'-m<-.n.-u:uim| + MLP |

+ branch

Fig. 1. Overview of the proposed TriAD model.

3.3 Foundation branch

The third level is obtained from GFT, a graph foundation model pretrained on multiple graph
datasets. In our framework, GFT provides a foundation embedding h,}; for each node, which serves
as an additional structural view to the task-specific graph and text representations.

Similarly, to the text—graph interaction, the foundation branch is aligned with both the text and graph
modalities through node-level and neighborhood-level representations. In particular, we define the
text—foundation objective as L1y = L(z%,20) + L(z%,Z) + L(Z4,20) + L(Z¢,Z)), and the graph—
foundation objective as Lgp = £(z9,2) + L(z9,7") + L(Z9,2)) + L(Z9,Z]). In addition, we
enforce consistency between the node-level and neighborhood-level foundation representations:
LFself = L(Zf, if)'

During fine-tuning, we apply two regularizers to the foundation branch. The commitment
regularizer, L., encourages GFT encoder outputs to remain close to their codebook vectors,
preserving consistency between the learned foundation representations and their quantized
counterparts. The embedding-uniformity regularizer, £,,;, promotes a balanced use of the
foundation embedding space and helps prevent embedding collapse.

Following the contrastive formulation of CMUCL, we learn consistency between node-level and
neighborhood-level text and graph representations. We extend this formulation with the GFT branch
and, in the label-aware setting, compute the resulting tri-level contrastive objective only over
training nodes labeled as normal. Let 7,4, denote the set of normal-node indices in the current mini-
batch: J,orm = {i|y; = 0}. Unlike the original unsupervised CMUCL objective, our label-aware
objective excludes labeled anomalies from contrastive alignment, because aligning them would
encourage irregular examples to match the normal consistency pattern. Restricting alignment to
normal nodes therefore yields a cleaner tri-level representation of normality.

The resulting tri-level loss is written as

['tri = L%grm + ATF[’¥grm + AGFLEg‘rm + AGFyL‘lggerlrF + AuniLuni + AcomLcom-

78



Mouceiikun A L., Apo6siuesckuii M.J1., ConosbeB M.B. TpéxypoBHeBoe 00HapysKeHIEe aHOMaIHii B rpadax ¢ TeKCTOBBIMI
atpubyTamu ¢ ucronb30BanueM rpadoBoii pyHramenTansHoOl Mogenn.. Tpyowr UCII PAH, 2026, Tom 38, Beim. 6, dacts 1, c. 73-86..

In addition to the CMUCL-derived contrastive branch, we introduce a supervised anomaly
classification head for the label-aware setting. For each source node v, we concatenate its normalized
graph, text, and foundation representations: r,, = [z;‘,’ II'z5 zlf ] The classification head maps this
representation to an anomaly logit: 0, = MLP(r;,). The supervised anomaly loss, computed over the
labeled nodes in the training split, is Lg,, = BCEWithLogits(oy, y,).

Figure 1 illustrates the architecture. The contrastive and supervised branches are jointly optimized
USing Ltotal = Ltri + AsupLsup'

For inference, let ¢, (v) denote the node-level contrastive inconsistency under the r-th independently
sampled neighborhood, using the same relations as in training. We summarize R rounds by their
mean and spread:

R

R
1 1
W) =2 ¢ @sd@) = |5 () = @)
r=1

r=1

c(v) = ¢(v) + sd(v), where the standard deviation uses the population (1/R) normalization, so that
nodes whose inconsistency is both high on average and unstable across sampled neighborhoods
receive a larger score.

Let mm,, denote min—max calibration whose minimum and maximum are estimated only from the
training split. Let 0, be the logit of the supervised head and o the logistic function. The final anomaly
score is s(v) = mmtr(c(v)) +p mmtr(a(o,,)), with £ the inference-time weight of the supervised
branch and larger values indicating higher anomaly likelihood. In the variant without the BCE head
we set Agy, = B = 0, which removes the second term and yields s(v) = mmtr(c(v)).

4. Dataset Generation

For synthetic dataset generation on text-attributed graphs, we build on the anomaly injection scheme
introduced in CMUCL and extend it with contextual and structural perturbations. Our dataset is
constructed on the WordNet-based WN18RR graph, which contains N = 40,943 nodes and |E| =
93,003 directed relation edges. The original clean graph and node texts are used for GFT pretraining;
no anomaly labels, contextual text perturbations, or injected structural edges are present at that stage.
After anomaly injection, the benchmark contains 93,291 directed edges. Node texts are WordNet
glosses, with mean and median lengths of 90 and 80 characters. The mean degree increases from
2.27 to 2.28, while the maximum degree is 494.

Let the source graph be G = (V,E,T), where T = {t,|v € V} denotes node texts, and let G =
(V, E,P) be the perturbed graph. Sentence-transformer embeddings guide donor-node selection for
contextual anomalies.

Let N = |V|. The number of anomalous nodes is M = |aN |, where @ € (0,1) controls the anomaly
ratio. For the WN18RR benchmark, @ = 0.01, yielding 409 anomalous nodes. Anomalies span eight
contextual and structural strategies: insertion, replacement, fusion, truncation, dense clique, cross-
community edges, isolation, and hub amplification.

Following CMUCL, we retain four anomaly types: contextual insertion, contextual replacement,
dense clique injection, and cross-community random edge injection. We add four new types:
contextual fusion, contextual truncation, structural isolation, and structural hub injection. Thus, the
pipeline includes four contextual and four structural perturbation strategies.

4.1 Contextual anomalies

Contextual anomalies modify only node text while preserving graph connectivity. The first two
strategies, contextual insertion and contextual replacement, are inherited from CMUCL. For a target
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node v, we sample a candidate donor set C(v) and select the node u with the most dissimilar text
embedding: u* = arg minyee(y)c0s(Zy, 2,,), where z,, and z,, are normalized text embeddings. In
contextual insertion, a random contiguous donor fragment is inserted into the text of v. In contextual
replacement, a randomly selected target fragment is replaced with donor content.

We additionally introduce two contextual perturbations. In contextual fusion, fragments from two
semantically distant donors are inserted into the target text, producing a mixed description with
incompatible semantic contexts. This models metadata corruption in which content from different
entities is accidentally merged. In contextual truncation, a contiguous target fragment is removed,
yielding an incomplete or abnormally shortened description and modeling partially scraped or
damaged metadata. These perturbations increase dataset diversity by covering semantic
contamination, fragmentation, and information loss.

4.2 Structural anomalies

Structural anomalies modify only graph connectivity while leaving textual attributes unchanged.
The first two strategies, dense clique injection and cross-community random edge injection, are
inherited from CMUCL. In dense clique injection, anomalous nodes are grouped into dense
subgraphs of size g = 5, with edges added between all node pairs to create locally over-dense
regions. In cross-community random edge injection, each target node is connected to several
previously unconnected nodes, producing unusual long-range links.

We add two further structural anomaly types. In structural isolation, a fraction sampled from
[0.5,1.0] of the edges incident to a target node is removed, modeling missing or broken relations
that leave an otherwise valid node abnormally weakly connected. In structural hub injection, a target
node is connected to many new nodes using a degree amplification factor of 1.5, modeling graph
construction errors that create abnormally high connectivity despite ordinary textual content.

5. Experimental results

To evaluate the proposed framework, we use pretrained GFT representations as a structural prior
aligned with the text and local graph branches, rather than as a standalone detector.

5.1 Implementation Details

We use the same architecture, optimization settings, and evaluation protocol for all TriAD variants.
The graph, text, and GFT branches are projected into a shared 128-dimensional space. The graph
branch is a two-layer GCN with hidden and output dimensions of 128 and dropout 0.2. The raw-text
branch uses frozen intfloat/e5-large-v2 embeddings (maximum sequence length 128)
followed by a trainable projection. The GFT branch takes 1024-dimensional text features and uses
a two-layer GraphSAGE-style encoder [20] with hidden and code dimensions of 768, batch
normalization, and dropout 0.15. Its pretrained encoder checkpoint is taken from pretraining epoch
50. During downstream training the complete GFT encoder and its projection are fine-tuned,
whereas the vector quantizer is frozen. All variants are trained for 20 epochs with Adam and batch
size 64. The learning rate is 10~ for the graph branch, supervised head, and projections, and 107>
for GFT. Weuse K = 3,R = 32,T; = 0.07,y = 0.5, Arp = Agr = 0.3, Ayni = Acom = 0.01, Agyp =
0.5, and # = 0.5. The four-head codebook has 128 entries per head, code dimension 768, decay 0.8,
and commitment weight 0.25. BCE uses Wy = Nyaino/ max(Ntram,l, 1), computed on the training
split only. We report the mean and sample standard deviation over five runs with seeds 1-5.
Validation is performed after each epoch using one neighborhood-sampling round. We select the
checkpoint maximizing validation AP + ROC-AUC, ignore improvements below 10™*, use the first
five epochs as warm-up, and restore the best weights before testing.
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5.2 Datasets

The datasets used during GFT pretraining are listed in Table 2'. GFT is pretrained in a self-
supervised manner and does not use anomaly labels, downstream train/validation/test masks, or
labels introduced by our anomaly-generation procedure. It learns shared encoder parameters and a
vector-quantized vocabulary of computation-tree patterns rather than node-specific anomaly
predictions.

Table 2. All datasets used in GFT pretraining.

Dataset Nodes Edges
cora [19] 2708 10 556
pubmed [19] 19717 88 648
arxiv [19] 169 343 2315598
wikics [19] 11701 431726
whoiswho [21] 147 895 34448 378
history [4] 41551 369 252
WNISRR [19] 40943 93 291
FB15K237 [19] 14 541 310116
chemhiv [19] 1049 163 2259376
chemblpre [19] 8 845 648 19 123 034
chempcba [19] 11 349 235 24 566 048
oewn[22] 120 630 244 036

We evaluate on Pubmed, History, WN18RR, and WholsWho. Pubmed and History are used directly
and in full from the official CMUCL release [4], including graph structures, texts, labels, anomaly-
generation protocol, and predefined splits. Pubmed is a citation graph and History an e-commerce
co-purchasing graph. WN18RR is constructed in this work, while WholsWho is a real-world
academic name-disambiguation benchmark [21].

In WholsWho, each node is a paper—author assignment and edges connect assignments sharing an
author or paper. A label of 1 denotes assignment to the wrong author profile; no synthetic anomalies
or edges are added. The full graph has 81,976 nodes and 8,198 anomalies (10.00%). Due to
computational limits, we use one fixed 5,000-node induced subgraph obtained by undirected Forest
Fire sampling [23] with p = 0.35 and seed 42. It contains 585 anomalies, giving a ratio of 0.117.
This ratio results from topology-driven sampling rather than a manually imposed target. Original
split membership is preserved, yielding 3,460/526/1,014 disjoint train/validation/test nodes, and the
splits are not regenerated from test labels. We exclude GUARD datasets because their exact training
versions are unavailable and open reconstructions differ from the reported statistics.

5.3 Baseline methods

We test a diverse set of baselines. The unsupervised baselines include LOF, SCAN, Radar, AEGIS,
MLPAE, DOMINANT, GAD-NR, CoLA, ANEMONE, SL-GAD, GRADATE and CMUCL. We
also include label-aware neural baselines, including GraphSAGE [20] and supervised variants of
representation-based methods, where a lightweight MLP classifier is trained on their learned
representations. GUARD is treated as a label-aware text-rich graph baseline because it can use
anomaly labels during downstream adaptation. AnomalyGFM is also evaluated in its label-aware

! GFT pretraining uses all datasets in Table 2, including the graphs later used for downstream evaluation. Our
additional control experiments indicate that this overlap does not materially affect downstream performance;
we therefore omit these auxiliary experiments for brevity.
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fine-tuning setting. Finally, we report fixed-feature controls based on frozen text-only, graph-only,
GFT-only, and concatenated text—graph—GFT representations.

5.4 Evaluation Protocol

We follow train/validation/test splits distributed by CMUCL for Pubmed and History. For
WNI18RR, we use the predefined 60/10/30 split generated with seed 42. For WholsWho, we use the
intersection of benchmark’s original split membership with the fixed Forest Fire sample described
above. All label-aware methods use the same labeled splits, while unsupervised methods serve as
reference baselines. Model selection uses validation data only, and ROC-AUC and AP are reported
on the held-out test split.

5.5 Results

Table 3. Performance comparison on Pubmed, History, WordNet, and WholsWho under different supervision
regimes. The best result is shown in bold and the second-best result is underlined.

Method Pubmed History ‘WordNet ‘WholsWho
AUC AP AUC AP AUC AP AUC AP
Unsupervised and self-supervised methods
LOF 64.10+0.00 8.39+0.00 55.71£0.00 5.22+0.00 63.77+0.00 2.44+0.00 52.754+0.00 12.05+0.00
SCAN 60.16+0.52 10.41+0.64 57.27+0.89 5.00+0.70 49.86+0.91 1.00+0.67 49.26+0.83 11.39+0.46
Radar 51.88+0.35 3.92+0.24 48.48+1.05 3.60+0.76 45.62+0.23 0.87+0.42 48.56+0.39 11.25+0.46
AEGIS 49.08+1.10 3.66+0.50 52.28+1.97 4.23+0.75 50.18+1.34 1.10+0.23 54.52+1.38 12.26+0.41
MLPAE 50.56+0.26 3.93+0.39 47.54+0.16 3.67+0.53 72.76+0.46 5.29+0.21 46.52+0.36 10.5240.48
DOMINANT 67.32+0.61 7.54+0.81 63.46+0.23 6.17+0.15 57.51+0.05 1.25+0.01 48.70+0.34 10.4240.53
GAD-NR 66.25+0.44 6.34+0.04 65.86+0.13 5.89+0.22 64.56+2.84 4.14+0.10 45.11+0.08 15.1040.23
CoLA 78.83+0.55 18.93+0.62 78.72+0.09 26.48+0.55 65.96+1.31 11.02+1.56 59.79+1.63 21.35+1.58
ANEMONE 78.81+0.02 19.43+0.54 79.14+0.02 27.20+0.66 67.98+0.72 21.294+0.03 48.16+0.13 11.48+0.03
SL-GAD 75.19+0.35 16.71+0.05 74.08+0.28 20.22+0.41 64.78+0.23 11.19+0.09 47.09+0.28 10.74+0.04
GRADATE 67.49+0.09 12.13+0.18 73.25+0.10 14.50+0.55 75.34+0.20 13.12+0.43 49.97+0.78 12.37+0.19
CMUCL 81.7840.27 30.96+0.15 79.69+0.31 36.80+0.66 84.89+0.21 48.91+0.28 69.3140.19 19.84+0.37
Supervised baselines
SAGEConv 63.89+0.83 7.91+0.61 67.54+1.63 16.15£2.15 83.70+0.64 9.18+0.88 51.46+0.14 11.70+0.22
GUARD 65.32+0.53 28.19+0.83 68.15+0.27 5.27+0.16 62.88+0.93 17.87+0.67 64.04+0.43 21.04+0.15
AnomalyGFM 61.37+0.92 7.64+0.19 68.04+0.35 7.44+0.12 65.57+0.61 11.5140.66 62.48+0.74 21.28+1.02
Proposed supervised method
TrAD | 90632014 | 43205035 | 84424012 | 37.9240.65 | 9442043 | 47.005029 | 85.18+0.10 | 60.53+0.48

T Modified version of the original WholsWho graph constructed in this work.

We conduct experiments on four datasets, with full results reported in Table 3. We use ROC-AUC
and AP, where ROC-AUC measures ranking quality across thresholds and AP is especially
important for imbalanced anomaly detection. Classical unsupervised baselines such as LOF, SCAN,
Radar, and AEGIS perform weakly, while neural and contrastive methods are generally stronger.
CMUCL is particularly competitive on Pubmed, History, and WordNet, whose synthetic anomaly-
generation procedures are identical or closely related to the perturbation setting for which CMUCL
was originally designed. However, its performance decreases on WholsWho, where the anomaly
distribution and graph construction differ from its original synthetic setting. This suggests that
CMUCL is effective for the anomaly patterns captured by its contrastive inconsistency objective,
but may generalize less reliably to substantially different graph domains and anomaly types.
TriAD achieves the best ROC-AUC on all four datasets and the best AP on three of them. On
WordNet AP, CMUCL is slightly higher, but TriAD still obtains the highest ROC-AUC. TriAD also
maintains a substantially larger advantage on WholsWho, suggesting better robustness when the
evaluation setting differs from the synthetic anomaly patterns used by CMUCL. Overall, the results
show that combining textual, structural, and foundation-level information provides useful anomaly
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signals. The ablation study below further tests whether these gains arise from tri-level interaction
rather than only from supervision or pretrained GFT features.

5.6 Ablation Study

We conduct component-wise ablations by removing the GFT branch, tri-level alignment,
neighborhood-level views, normal-only contrastive training, and the supervised BCE head. Normal-
only contrastive training computes the contrastive loss only over normal, non-anomalous nodes. We
also include fixed-feature controls with frozen text, graph, GFT, and concatenated text—graph—GFT
representations to test whether the gains come from joint alignment rather than simply from adding
more feature channels.

The “w/o GFT branch” variant is the directly matched bi-level text—graph control: it retains the same
labeled training nodes, text and graph encoders, neighborhood sampling, normal-only contrastive
objective, supervised BCE head, and optimization protocol, while removing only the GFT branch
and its alignment terms. In the “w/o tri-level alignment” variant, we retain all three encoders and the
supervised head but remove the text—foundation and graph—foundation contrastive alignment terms.
The “w/o BCE head” variant remains label-aware because normal labels are still used to construct
jnorm~

Table 4 shows that the GFT branch, tri-level alignment, and neighborhood views are useful, although
their effects are not uniform across datasets and metrics. Removing GFT lowers performance on
Pubmed, WordNet, and WholsWho, while disabling tri-level alignment causes a consistent drop,
showing that feature concatenation alone is insufficient. The largest decline occurs without
neighborhood-level views. Normal-only contrastive training improves most dataset—metric pairs,
but its removal raises History AP from 37.92 to 40.49. Removing the BCE head further raises
History AP to 45.61, while reducing History ROC-AUC and AP elsewhere. Since this trend appears
only on History, it may reflect dataset-specific interactions between the supervised and contrastive
objectives. Fixed-feature controls remain below TriAD, supporting joint tri-level interaction and
identifying loss balancing on History as a limitation.

Table 4. Ablation study and fixed-feature control experiments.

Variant Pubmed History WordNet ‘WholsWho
AUC AP AUC AP AUC AP AUC AP
TriAD 90.63+0.14 43.20£0.35 84.42£0.12 37.92+0.65 94.42+0.43 47.92+0.29 85.18+0.10 60.53+0.48
w/o GFT

branch 82.36+2.95 29.34+4.44 82.66+2.11 37.18+0.91 82.10+1.24 31.57+2.47 82.11+1.11 41.43+3.82

:{f;;;elﬁf"l 82.88+1.65 | 263143.68 | 80.66£0.48 | 20.5842.05 | 83.614233 | 2280177 | 80.6242.25 | 34.9243.15
w/o

neighborhood- | 62.81£1.93 | 11434204 | 66.74+1.78 | 10.97+0.89 | 78.6642.94 | 3637+0.12 | 53.7342.58 | 13.02+1.00
level views

w/0 normal-

only 85.58£1.30 | 3445:155 | 84.29:1.05 | 4049:0.56 | 81464239 | 31.83£3.03 | 82.56:1.60 | 38.49+421
contrastive

training

WOBCEhead | g331,074 | 38776112 | 79914027 | 45614043 | 8026091 | 40134596 | 85.12:L51 | 46.40+4.22
(label-aware)

GFT-only 79524172 | 21.15£2.64 | 73.9420.60 | 1843170 | 62.7241.51 2284033 | 51.54£153 | 13.76£0.71
MLP(text) 63.68+0.78 | 17.28:035 | 63.84:0.88 | 13.70£128 | 48.56£0.67 | 1084008 | 453842.68 | 10.61+0.88
MLP(graph) | 65.97+0.57 | 18.93+338 | 66.9040.98 | 27.12£058 | 5673127 | 6.50+2.48 | 556140.63 | 12.98+0.19
MLP(GFT) 57024094 | 637035 | 60.24+0.61 6794023 | 5235:0.87 1.19£0.07 | 55814323 | 14.84+1.37
m&gﬁ?ﬁgm 70.54£0.94 | 18.78£0.86 | 68.96:0.92 | 14.94x1.60 | 54.25%1.10 1.190.10 58.79+1.44 | 1439130
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6. Conclusion

We studied anomaly detection in text-attributed graphs from a tri-level perspective. Unlike other
approaches that rely only on graph structure or combine graph and text information in a limited
manner, TriAD incorporates an additional foundation-level structural view. The experimental results
confirm that the proposed approach achieves improvements over competitive baselines, indicating
that graph foundation representations provide a useful signal for this task. We also introduced a new
WordNet-based dataset that can be used for evaluating anomaly detection methods in text-attributed
graph domains. The dataset is available on Hugging Face [24].
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