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ABSTRACT The few-shot problem is a common phenomenon in machine learning, particularly in experimental science and medical
research. Pure data-driven learning relies heavily on the quality and quantity of data. When data is scarce, the model is prone to
overfitting and its generalization ability will decrease. However, most fields have accumulated extensive experience and knowledge. A
hybrid approach that combines domain knowledge with data can effectively improve model performance. However, in the context of
few-shot problems, achieving effective cross-modal feature fusion of knowledge and data is challenging. This study proposes a
knowledge and data cross-modal fusion model (KDFM) to address the few-shot problem. First, numerical modal features are categorized
into different feature types and modeled using graphs. For each feature type, edges within the graphs are constructed based on K-means

clustering. Then, the different types of numerical features are processed through multichannel graph convolution. These graphs convert
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numerical modal features into graph-level features, enhancing their expressiveness. Subsequently, domain knowledge features from
semantic modalities are represented by a knowledge graph. Key entities and relationships are extracted from professional books and
expert experiences. The knowledge graph consists of triples formed by combinations of entities and relationships, enabling the
transformation of unstructured text features into graph-level features. Textual domain knowledge and experience are organized and
converted into the neural network model. A graph convolutional neural network and attention mechanisms are employed for cross-modal
feature fusion between knowledge and data. The input of the graph convolutional network includes different graphs constructed from
numerical data, feature vectors obtained from the knowledge graph, and numerical vectors from the data. Based on the number of feature
types, multichannel graph convolution is applied to achieve deep feature fusion of knowledge and data. The output is a fused
multichannel feature vector, computed using the attention mechanism, which serves as the input feature vector for downstream tasks. The
proposed model was validated using two small sample datasets: one for a regression task in the materials field and the other for a
classification task in the medical field. Simulation results show that, compared with other data-driven models, the proposed KDFM
model exhibits excellent performance across various regression and classification tasks. In the regression task, the model achieved the
best results in terms of mean squared error, mean absolute error, and R?, with R? exceeding the suboptimal multilayer perceptron model
by over 7%. In the classification task, the model was optimal in five out of seven indicators, with the remaining two indicators being
suboptimal. Additionally, multiple ablation experiments were conducted to verify the effectiveness of the proposed model. By removing
the modules of the knowledge graph and graph convolutional network from the full model, the study confirmed the effectiveness of both

the knowledge modeling and cross-modal fusion mechanism. The proposed model addresses, to some extent, the challenges of weak

generalization ability and the integration of knowledge and data modalities in few-shot problems.

KEY WORDS few-shot; hybrid drive; knowledge graph; graph convolutional network; feature fusion
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Table 1 Prediction results of various models in medical field classification datasets

Methods MCC Precision Acc Recall Fl1 AUC AP
NYe 0.1166 0.6071 0.7000 0.5317 0.4990 0.5317 0.3222
Decision Tree 0.4057 0.7182 0.7166 0.6885 0.6919 0.6885 0.5755
RF 0.3688 0.7017 0.7000 0.6685 0.6703 0.7794 0.6995
MLP 0.3646 0.7644 0.6833 0.6257 0.6029 0.6257 0.5450
LR 0.2152 0.6536 0.7166 0.5753 0.5705 0.5753 0.3603
XGBoost 0.2938 0.6607 0.6667 0.6342 0.6336 0.6342 0.5180
GDBT 0.3688 0.7017 0.7000 0.6685 0.6703 0.6685 0.5554
Ours 0.4929 0.7873 0.7500 0.7114 0.7151 0.7114* 0.6281%*
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Fig.3 Overview of the knowledge graph in the field of materials

X T A R B A, S AR TR R AR B A A
W A RRAE R 43 B4 oL (8] U FE N A
BE = BRI 2B Ry 8] O B S HV R B
— YA, R 43 B o 9 Jr R AT X T A
s, DR SR 200 0y 0 o S 2 A 5
= 2 5 i A AH ] 0 7 s 0B84l 4 8] 1Y) 300 i 422
BT AR B SRR 7 T = A RRAE AL, PR [ A
HEAT =38 8 Y B RO 8 X R O BRI A
24 Hb Ab FHUAS [R]RE AR S AL B B, O 78 KT RN 2%
A TRHER G

PRI 55 2R 4 5152 2% (Mean squared error,
MSE), 3444 %} 1% 2% (Mean absolute error, MAE) Fll
TRE FR A REE VEAS PR g B0y 2R 8. 355 5 =X

I 13)~ A5 PR,
1 < 2
MSE = m le (YPredi - Yreali) (13)
=
1 m
MAE = EZ|Ypred,~_Yreali| (14

i=1

m
Z ( pred; — realz

R=1- (15)

Z reali —

i=

Ho, Virea fRFRFEA VB AL 1 5000 AR 2 18, Yrear 18
FREAR I S PRAR 2 A, Y2 7R  iat 4 bR 2 11 SF- 34
B, m37R M4 h AR R B4 MSE 5 MAE 118
/N, R2 BB, 100 B ASE 2R ) 4004505 B i
AT 11 U9 4 55 11 2 R0 0 3k 4R ] AR R
8+ 2 I LU BRI 43, A SCH I 4R O v 5 SRR 1) B AL
(SVM). Bl ML (RF), £ 2 &A% (MLP), K i
4B (KNN), H& 5B (Decision tree), Z&PE 7119 (LR).
% i A% B2 T A% (XGBoost) A1 [ 3 N £ T 55 7k
(AdaBoost) # 17 T Xf b, &5 SR 3k 2 f13k 3 iR,
Horfrge 2 JBR T M4 = A 1k RE 45 b Jm IR 5 B

YS. $iHismEE UTS %DUFF}EEL B T & 2R, 26 3
JEIR T 48RP 7 1 R BE T 2% SR A S 4.

W 2 AT LI O L2 RO vk, BT AR T iR AE
F TR bR BRI R R 25 AL 3 3 45 L ek
TAR SRR T 25 R 173 MSE . MAE L) & R? 3%
P F F AT H 7, I R2AR B G Al A 78 7 A £
LRI T 2 T%.

ZEA PSSR AT 55 5 53 84 55 10 45
e, UL A SCHR Y KDFEM 7 36 78 4% T 48 148 bk
L*H L Ath 504 90K 3 X A R TR A B A v Ak

B. 75 BRI RL U A s R 5 1o, S RS0 BK B
Tﬁ{fﬁﬁéﬁﬁ—ﬂzfrﬁéﬁﬁﬁﬁtﬁ%%/\'?%u
HZ WA OCR, HE B T EE & 0 290, (AT



SRAG YT A T 1] A0 R A B TR 5 00 14 B A 28 A 5 A5 7Y - 1669 -
K2 PRI T ER A A AT 45 2
Table 2 Prediction results of various models in the regression dataset of the materials field
YS UTS EL
Methods
MSE MAE R2 MSE MAE R? MSE MAE R2

Decision tree 9604 75.39 0.5888 7508 65.07 0.5008 6.73 2.00 0.3643
RF 7406 72.76 0.6828 4796 57.11 0.6811 5.00 1.78 0.5281
XGBoost 8606 77.06 0.6314 6513 59.95 0.5669 6.18 1.77 0.4163
AdaBoost 5951 60.96 0.7452 5653 61.35 0.6241 5.56 1.77 0.4751
SVM 10462 69.01 0.3126 11625 87.47 0.2271 4.69 1.59 0.5567
LR 16304 110.97 0.3019 10087 87.76 0.3293 7.10 2.12 0.3295
MLP 5099 60.23 0.7816 5006 58.81 0.6671 4.80 1.61 0.5471
Ours 3399 50.20 0.8544 4188 50.12 0.7215 4.02 1.48 0.6204
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Table 3 Average prediction results of various models in the regression

dataset of the materials field
Average
Methods
MSE MAE R?

Decision Tree 4296 47.48 0.4846
RF 4069 43.88 0.6307
XGBoost 5042 46.26 0.5383
AdaBoost 3870 41.36 0.6148
SVM 10462 69.01 0.3126
LR 8709 66.94 0.3203
MLP 3370 40.22 0.6653
Ours 2530 33.90 0.7322
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Table 4 Ablation experiment results of the medical classification task
Methods MCC Precision Accuracy Recall Fl1 AUC AP
Without knowledge 0.3761 0.7250 0.7000 0.6571 0.6534 0.6571 0.5577
Without graph convolutional neural networks 0.3076 0.7024 0.6667 0.6114 0.5896 0.6114 0.5177
Total model 0.4929 0.7873 0.7500 0.7114 0.7151 0.7114 0.6281
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Table 5 Ablation experiment results of the material regression task

Methods MSE MAE R2
Without knowledge 4238  41.25 0.6694
Without graph convolutional neural networks 3892  42.14  0.6440
Total model 2530 3390 0.7322
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