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Divide-and-conquer Test-time Adaptation With Retrieval-augmentation for
Text-attributed Graph Foundation Model

JIN Yi-Fan"?> LIYi*? SONG Fei"? WANG Rui® LI Jiang-Meng® LIU Li-Xiang"? SUN Fu-Chun?

Abstract Text-attributed graph foundation model (TAG-FM) is designed to attain robust cross-domain generaliza-
tion capability through pretraining on large-scale graph datasets. Although TAG-FM has demonstrated promising
performance on various downstream tasks, our in-depth analysis reveals a critical limitation in its generalization
capability: The domain adaptation threshold effect, i.e., model performance undergoes catastrophic degradation
when distributional shifts between pretraining and testing domains surpass critical thresholds. Due to the excessive
foundation model complexity and scarcity of testing data, a feasible solution to mitigate this issue is to introduce
test-time adaptation approaches for TAG-FM. Nevertheless, existing test-time adaptation approaches exhibit sub-
stantial limitations at both the instance and domain levels, severely constraining the ability of TAG-FM to adapt to
out-of-distribution data. To address this issue, we innovatively propose the divide-and-conquer test-time adaptation
with retrieval-augmentation for TAG-FM. Specifically, a retrieval-augmented feature conformal integration module
is introduced to construct consolidated node features by integrating graph structures with node textual semantics.
Furthermore, a divide-and-conquer test-time adaptation strategy is developed to progressively capture generalizable
semantics through an iterative adaptation process. Empirically, we verify that the proposed method achieves the
state-of-the-art performance on 7 benchmark text-attributed graph datasets and 12 constructed text-attributed
graph datasets exhibiting severe domain shifts, which confirms that our method effectively enhances the cross-do-
main generalization capability of TAG-FM.

Keywords text-attributed graph foundation model; domain generalization; test-time adaptation; retrieval-augment-
ation; divide-and-conquer
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Table 1  Statistics of text-attributed graph datasets

i A A% A, FA%
Cora 2708 5429 2R 7
CiteSeer 3186 4277 R 6
Ele-Photo 48362 500928 HL T 5% 12
Ele-Computers 87229 721081 BT % 10
Books-History 41551 358574 LT 7 5% 12
WikiCS 11701 215863 4L E R 10
Instagram 11339 144010 A B 2
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SDS-Books-History0.5/0.7/0.9. LA SDS-Cora0.5 }
], HRINTE Cora HEANLEFF 50% 114 f515 2 1)
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N TAG-FM W ETHESE, Hrh Elgid 2y Graph-
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3.1-70B-Instruct!";
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Table 2 Summary of the class-relevant
prompt templates
Hili sk N
Cora this paper has a topic on {class} {class_desc}
CiteSeer good paper of {class} {class_desc}
Ele-Photo this product belongs to {class} {class_desc}

Ele-Computers is {class} category {class desc}
Books-History

WikiCS

this book belongs to {class} {class_desc}
it belongs to {class} research area {class_desc}

Instagram {class} {class_desc}

G, GraphGPT™ 5 LLaGAM;

3) BN B R ) B (RIS G R,
fFE DGI®, GRACE®, BGRL), GraphMAE"!
5 G2p2,

4) SCARJE 1 B B A AR Y Ty v AE I ZRB B[R]
IS et 5 P 5 A RIS RSCAS S A5 B ) Graph CLIP!;

5) MRS B &N 7% AR FREN TTA
J7% Tent™! A1 24§ 0T B4R R s L1 TTA
7712 GTrans®! 5 Matcha®.

Bl BT AT s R R, AH b TR Tk
GraphCLIP, fx @2 FHiE 4.69%, “FI$5E Tt 2.03%.
HE— 0 M R B, ARG B 5 015 B B B A
TR S TR R B Z SORTE SCCHE, 2 RE 1B IR,
1M LLaMA %5 K HURE )1 2515 = A 20 6 A5 B S0 A
TINRRAS T HA 5 I TERE. DORA it /e
BT B R B S50 5 SCRE X, TR 1298 TAGs
()RR AR, T SEEL T et 0 2R B & 5 4
Eb 7 AR TTA HiEitEfe. £ 5 B TTA 5%
5 DORA fR¥F—2k, $HLLHIZRH) GraphCLIPM
ERNZETHAL Tent? ¥ R AGSCIL, B 58T ik
H—4LZ; GTrans® 5 Matcha® 2 5 H % B 1)
TR bR BN AT 2 23BN & AT HOD TR X BT A £
g, BRI FE AN PAT —IRIE R BR. G5 R ER
B, DORA LA 1.29% BP0 34056 B H i i 2k
28 J77% GTrans, 30iE 1 7EAHE 2 A m A% (BRI T2k
W5 MRS KL 8OE RFEAAR) BFEARSZ IR %
R, FTHEHI D&C-TTA HEER e 5 25 22 iR ik 7 B
TRIFEAR TS, WTi$E A TAG-FM /£ OOD
B bz Ahne

422 EEEHRBIRE

NEGUE DORA 15 ™ B 38w 37 5~ A Uk,
ARSCAERIE R 12 AN E I TAGs i 4 Lk
ITRG Y. Hd, Pl Cora BHEE NH], SDS-
Cora0.5. SDS-Cora0.7 55 SDS-Cora0.9 &k e

4.2 PHRFBTHMEEERN

4.2.1 BEBRZILE
% 4 J8/R T DORA £ 7 N4 8t TAGs Hidi %
LA AR EME. AR, DORA T H

R3 MEEN g, KPR

Summary of prompt templates used to construct the query g,

MR gn BRI

The textual description of the citation network centered on node ‘n{id}’ is shown above. Each node in the network represents a

Table 3

Cora, scholarly article, and each edge signifies a citation relationship between articles. The textual description of node ‘n{id}’ is: ‘{desc}’.

Please summarize the core content of the article represented by node ‘n{id}’ using the information provided above in 200 words:

The textual description of the citation network centered on node ‘n{id}’ is shown above. Each node in the network represents a
CiteSeer  scholarly article, and each edge signifies a citation relationship between articles. The textual description of node ‘n{id}’ is: ‘{desc}’.

Please summarize the core content of the article represented by node ‘n{id}’ using the information provided above in 200 words:

The textual description of the Amazon Electronics graph centered on node ‘n{id}’ is shown above. Each node in the graph
Elo-Ph represents an electronic product, and each edge signifies frequent co-purchases or co-views. The user review with the most votes of
e-Photo o de ‘n{id}’ is: ‘{desc}’. Please summarize the information provided above and re-describe the electronic product represented by

node ‘n{id}’ based on the results of the summary in 200 words:

The textual description of the Amazon Electronics graph centered on node ‘n{id}’ is shown above. Each node in the graph
Ele-
Computers

represents an electronic product, and each edge signifies frequent co-purchases or co-views. The user review with the most votes of
node ‘n{id}’ is: ‘{desc}’. Please summarize the information provided above and re-describe the electronic product represented by
node ‘n{id}’ based on the results of the summary in 200 words:

The textual description of the Amazon-Books graph centered on node ‘n{id}’ is shown above. Each node in the graph represents a
book focusing on items labeled as ‘History’, and each edge signifies frequent co-purchases or co-views between two books. The title
and description of the book of node ‘n{id}’ is: ‘{desc}’. Please summarize the information provided above and re-describe the history

Books-
History
book represented by node ‘n{id}” based on the results of the summary in 200 words:

The textual description of the Wikipedia-based graph centered on node ‘n{id}’ is shown above. The textual description of node
‘n{id}’ is ‘{desc}’. Please summarize the information provided above and re-describe node ‘n{id}’ based on the results of the
summary in 200 words:

WikiCS

The textual description of the social network centered on node ‘n{id}’ is shown above. Each node in the graph signifies a user, and
Instagram each edge signifies following relationships. The textual description of node ‘n{id}’ is: ‘{desc}’. Please summarize the information

provided above and re-describe the user represented by node ‘n{id}” based on the results of the summary in 200 words:
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Table 4  Accuracy for the node classification task on mild domain shift datasets (%)

VRS Cora CiteSeer WikiCS Instagram Ele-Photo  Ele-Computers Books-History “F¥3{&

BERT" 19.56 £ 0.98 33.26 £ 2.35 29.37 £ 0.00 57.02 &+ 0.57 21.80 + 0.14 13.88 £+ 0.29 9.95 £ 0.42 2641
SBERT"™ 54.35 £ 1.26 50.47 & 0.90 48.16 &+ 0.00 48.34 £+ 1.23 35.96 £+ 0.44 41.82 £+ 0.22 3045 £ 0.19  44.22
DeBERTa/ 16.42 £ 1.26 16.42 £ 1.26 15.29 £ 0.00 39.81 £ 0.58 12.38 + 0.26 10.62 + 0.15 9.70 £ 0.26  17.23

E5 44.65 £ 0.82 42.57 £ 0.54 31.49 £ 0.00 61.28 + 0.97 35.14 + 0.28 16.54 £+ 0.14 12.92 + 0.48  34.94
Qwen2-7B-Instruct™ 61.44 £ 1.29 53.57 £ 0.86 58.72 & 0.25 39.13 £ 0.78 45.55 £ 0.12  59.18 £+ 0.20  23.79 £ 0.34  48.77
Qwen2-72B-Instruct® 62.18 £ 0.98 60.97 &+ 0.87 60.91 & 0.08 47.70 £ 0.31 52.41 £ 0.39 60.88 £ 0.30  53.56 £ 0.64  56.94
LLaMA-3.1-8B-Instruct!'!  57.75 £ 1.21 53.54 4+ 1.71 5832 4+ 0.21 39.37 + 1.14 34.38 + 0.25 46.98 + 0.21 22.28 £ 0.18  44.66
LLaMA-3.1-70B-Instruct™ 65.72 &+ 1.24 62.79 4 1.24 62.82 + 0.04 43.68 £ 0.52 51.26 £+ 0.53 61.62 £ 0.42  53.33 & 0.55  57.32
OFA™ 37.25 £ 1.38 29.64 + 0.19 4552 & 1.06 32.71 £ 0.16 33.03 £ 0.64 22.09 £ 0.39  16.87 £ 0.93  31.02
ZeroG!™ 62.32 £ 1.91 52.55 + 1.23 54.93 + 0.06 48.97 + 0.78 45.12 £ 0.65 56.20 £ 0.35  40.74 £ 0.65  51.55
GraphGPT™ 23.25 £ 145 18.04 &+ 1.45 6.30 &£ 0.26 45.12 + 1.16 7.62 £ 0.22 29.71 £ 0.83  15.92 £ 0.14  20.85
LLaGA! 21.44 £ 0.65 16.07 £ 1.15 2.65 &£ 0.72 41.12 £ 0.94 6.50 £ 0.53 23.10 £ 0.33  11.17 £ 0.58 17.44

DGI® 24.03 £ 1.40 18.71 + 1.22 1886 + 0.25 61.42 £ 1.12 13.96 £ 0.17 27.12 £+ 0.03 15.77 &£ 0.02  25.70
GRACE" 13.69 + 1.27 22.88 + 1.49 16.07 £ 0.32 62.23 £ 0.93 10.16 £ 0.13 10.94 £ 0.12 3239 + 0.11  24.05
BGRL™ 31.99 £ 1.06 26.50 + 1.22 18.35 4+ 0.22 61.45 £ 0.82 5.21 £ 0.22 24.12 £ 0.22 16.28 +£ 0.35  26.27
GraphMAE®! 23.25 £ 1.07 20.75 + 0.88 12.14 4+ 0.20 62.39 £+ 0.84 12.53 £ 0.08 8.36 £ 0.06 21.76 + 0.17  23.03
G2p21 41.51 £ 0.78 51.02 + 0.62 31.92 + 0.15 52.87 + 0.78 22.21 £+ 0.12  32.52 £+ 0.13  26.18 £ 0.25  36.89
GraphCLIP!" 67.31 £ 1.76 63.13 &+ 1.13 70.19 & 0.10 64.05 + 0.34 53.40 £ 0.64 62.04 £ 0.21  53.88 £ 0.35  62.00
DORA 70.29 £+ 0.54 67.82 + 0.52 72.42 + 0.67 64.83 + 0.25 54.93 £+ 0.42 63.25 = 0.50 54.69 £ 0.43  64.03

H5 R £ 77 o A RS MO 035 40 JAE S TR (%)
Table 5  Accuracy for the node classification task on mild domain shift datasets with different TTA methods (%)

J5i: Cora CiteSeer WikiCS Instagram Ele-Photo Ele-Computers Books-History S48
Tent! 64.27 + 1.35 63.06 £+ 2.49 57.27 £ 0.83 50.56 + 0.39 44.90 £ 0.14 49.35 £ 0.20 24.99 + 0.48 50.63
GTrans® 69.37 £ 0.60 66.98 £+ 1.12 71.89 + 0.77 64.02 + 0.19 54.83 £ 0.29 61.16 £ 0.37 50.92 + 0.28 62.74
Matcha® 69.49 + 1.13 66.78 £ 1.39 72.82 + 0.89 64.02 + 0.50 51.34 £ 0.74 56.06 £+ 0.30 45.34 £ 1.35 60.84
DORA 70.29 + 0.54 67.82 £+ 0.52 72.42 + 0.67 64.83 + 0.25 54.93 + 0.42 63.25 £+ 0.50 54.69 + 0.43 64.03
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SDS-Cora series datasets with severe domain shifts
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