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Abstract: Reinforced concrete (RC) columns serve as core load-bearing members in engineering structures. Under explosive
loads, they may sustain damage and potentially trigger the collapse of the entire structure. Therefore, rapidly and accurately
assessing the damage state of reinforced concrete columns subjected to explosive forces is crucial for ensuring structural safety
and implementing protective measures. Accordingly, a data-driven model based on machine learning (ML) is proposed to predict
damage indices of RC columns under explosive loading. To train the model, a comprehensive database comprising 3,133 samples
was constructed, integrating 259 literature-derived data samples and 2,874 numerically simulated supplementary data samples.
This dataset encompasses both RC columns with uniformly spaced stirrups and RC columns with idensified stirrups meeting
seismic design requirements. Eleven key parameters were selected as input features, with the RC celumn,damage index serving
as the output feature. Six ML models were employed to predict damage indices under explosiveloading, and their predictive
accuracy was comparatively analyzed using four regression evaluation metrics. The results indicate' that the Tabular Prior-data
Fitted Network (TabPFN) demonstrated optimal prediction accuracy and generalization capability, achieving an R? value of 0.989
on the test set with MAE and RMSE values as low as 0.018 and 0.030, respectively, Further interpretability analysis of the
TabPFN model was conducted using the SHAP (Shapley Additive Explanations)umethed. Ahalysis indicates that charge weight,
standoff distance, and column cross-section depth are the key features governing RC’column damage severity. Notably, the
contribution of volumetric stirrup reinforcement ratio to enhancing RC tolumn blast resistance significantly outperforms that of
longitudinal reinforcement ratio. Finally, through comparative analysis with independent finite element simulation results, the
TabPFN model was validated to exhibit good prediction stability as’a surrogate model under unseen operating conditions. In
terms of computational efficiency, the proposed model achieves ‘a¢simgle-prediction inference time of approximately 0.5 s,
representing a significant efficiency gain of nearly four‘erders of magnitude compared to conventional numerical simulation
methods. The established model enables rapid surrogate.Computation of simulated damage to RC columns under explosive
loading, providing guidance for preliminary parameter analysis in structural blast-resistant optimization design.
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Table 1 Reinforcing steel material parameters

AT 1A /mm? i B 55 5 /M Pa PR3 /MPa
Wo.5 3.22 441 513
D1 6.45 399 610
D5 32.20 449 513
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Table 2  Statistics of collected literature data
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Thai et al.24 2018 £ QI 9
i A As) 2021 HAA R, 28
5L 6] 2021 HE AL 36

Shi et al.[#] 2022 A 4
Lin et al.l1%] 2023 BRI H A AL 2+180
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Table 3 Parameter ranges for data collection

ZH FAL FiEA
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FETE mm 80~1200
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TRBE LA T ARG SR MPa 30~60
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i 7 JeE IR R MPa 335~500
P % 0.2~3.2
AR 4 % 0.2~2.4
MR Ee / 0~0.8
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1RIERE S m 0.09~80
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Table 4 Parameter ranges for reinforced concrete columns in numerical simulation
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Table 5 Range of explosion parameters for reinforced concrete columns
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Table 6 Damage assessment criteria for reinforced concrete,columus
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Fig. 6 Finite element simulation: (a) Finite element model; (b) Scaled Fig. 7 Axial force-displacement curves of
damage measure under blast loading; (c) Scaled damage measure under undamaged\and blast-damaged columns
displacement loading after blast.
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+ Score analysis
+ Importance analysis
| SHAP ] Model explanation |
K8 Jyidim e
Fig.8 Method flowchart

4.1 MBRFIRHE

{FHALFE M (decision tree, DT). BENLARM (random forest, RF). MFRESEFEF (Extreme
Gradient  Boosting, XGBoost). &M ERANEIE (Light Gradient Boosting  Machine,
LightGBM). £ /2 51Hl (multi-layer perceptron, MLP) FUEEH JCE H RN A 4% (Tabular  Prior-
data Fitted Network, TabPFN) % 6 Ffi[al 55 EF A FINBAL . 6 Fh Bk R 2 E 9 Frw.
AMERFE Hy we by faos fin fo ps Py~ Neo W/ RHE 1T ANENEFIERT | NG TR ST D % H 4
ik, P MEAIES 2 1E Python 3.9 IAESHSEE .
4.1.1 FRH DT

PR (DT) BRI IS e o) 2 R W e 4 AN R 2 BN F )75 an ] 9(a) B
TNy AR R PERTT RURIIE T AL RS PRI, A ONRRIE AR T ST A, R A AR R
) NS, B BCRI A AT A b X ARSI R A e, P e ) A O X BT
GFEARPRTRE D B 3ME . WECERIBKE, R NFRE 2 A8 R 7 M AN BT ) X 5
Ry, TIPSR AR fx) i) 20Xl

f(x)= Zcmz (xeR,) (7)

o, TRIER R RNFEAR x BT X3k R, FEUE A 1, B 05 ¢, AFEILE XK R, H
PR N T RN TIINNR 2, AR c, 8 RD 90t 25 i A RE AR T A0 4R H -~ I E B
4.1.2 FAMLAEAR RF

BENLARAR CRE) f&—Hols Bagging £ R 2% 138 S AL T 25 (7] 77V AH 45 & BN 88 2% 5] B0,
81T Bootstrap KRR & H BEALEAHIIE A, GBI Z N IIGEAR, FMNEEAFEAR A 5k
B, TERBEHIRAR A 9(b)) . EZRd RS, RN RSFER T B W RRAE 87 7 5 bR AL & .
TETMBY B, XTI 8, R A3 e S (Tl &5 0, @~ PIpra B 45 RS A 4R, A
A F PR

P52 () ®

Hrh, B AR PSER I SEE, Ty Ra5 b BRIEVER 4 AFEA x 1 T30 4 45
4.1.3 MIRA R XGBoost

WBRERFETR T (XGBoost) [HIA5RE e — Mk T8 FE IR TH I M A e s, T B 22 kA A 55
)45, BB E PR, REEWE 9(c)Fn. XGBoost H b & HUEL & 10 28 B AR IE W Ab T, FL
PRETE AN
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0B =Y L(y.5,)+ X.0(f) ©)

Hort, n RFEABCE, y i MERAESME, §2 i MFERITUIE, £ 2% LW, L(,.5)
RAREEL Q(f,)RIEMAT. FIRZEER A ZR A XTI R, — 0 S E 5 S5
SATCAEI R, (EA5R0 N PSR vE R AT bR . XGBoost ISFIH T 4 IS BT S5 IE MGk HoA, %
il TR AR, A A AR AL R A AN E R AL A R
4.1.4 BF BHE RS MH X LightGBM

BREPHERTIVEE (LightGBM) & —Fim S i BE SR T RS B0, V2 R T3 28 Al
A, JEHEEIE O DFTR . N T RRAR SRR R T S R AR M A T EACRACT 1 1A
B, LightGBM #&H T Bl B RFEHE (GOSS). HABIE G 3 s i+ A =0 dn K

" 1 (Zx,eALgi_’—l;)a x,eBLgl) (Zx,eARgi—'—l;a x,eBRgi]
h@= (@) ' ) 1o
Hrf, 7 (@) RoRFHIL j D R RS T T 2 5 n FoRAREARN B g RS i M
KR RBIBEE s AL, Ar 70 RN KB EEREARE S, AR b d KNG B A2 770 G 715 1
PIREABAREE: BL, Br 00lRA/IEEEREAES T, B4R AF BaMa 1 A REESE; o
Fil b 2 KBS BE RN BEREAR BSRRE L, (1-a) /b JES/NBRERRE A (3R 7 n) (d) 5y (d)
I3 RN LG T T SAA T S IAREAR Gt &\ SRR IS IR T SR AR L, SRR T E
TTEIBIEE, B T R AHESNAE SR, P DN B T B R RREIR SR REE, MR
HUE R BRHIE S FERRAR TR IELERE, i — PR E TR,
4.1.5 % ERBS=hL MLP
Z RN (MLP) BiEE— P2 B i THEMEHELE, HAE . JABRERE &
W EAR, W 9e)in. MLP SR8 BT, MERARES B2 82 8= 44
ML R R 21 EREEERIATE T

Wz o (WOh ) +5") (11)
Horpr, nOR R 5 RIFRRE RS -1 2R, wO R e 43 52 R A S A A E 1)
B, o fURARLNERENE AL BN S AL R FRIS A A S E S5, AT /M T 3%
72, SEHUS AR AR A R,
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M, samples
N, features

B

M, samples
N, features

]

Root
node Layer 1
[ M, samples ]
True False N, features

Layer 2 5 4 Na
node $ N )
True False
Tree-1 Tree-2 Tree-n
Layer 3 Qutput 1 Output 2 Output n
[ Averaging |
(a) DT (b) RF
y
(Dot 1] [T = (s O AT ]
[ I ] [
Tree 1 Tree 2 Tree k ' '
7/ e
X601} X0} (X, 0 ‘Q\ DT
Node splitting by ‘
objective function . \ ;
Tteration . () }M(x) Topl®)
i/ReZidua] Residual Residual l Swise

[ﬁ(xl,al) I Ifz(Xl,ez) ]... | feiX, 0. | Ifk(Xl,ek) ]

(c) XGBoost

Input
layer

X >

growth

Fe
s ZH T, ,.(x)

(d) LightGBM
Output
layer

(e) MLP
2D TabPEN layer (12x)

@feature attention 1D sample attention MLP Predictions: j_,
3 ¢ o ele 0. :
¢ o d | |le e e @)%
¢ o v ||o | -
o |0 w90

Predicted y distribution

Each node represents one entry in the table
() TabPFN

9 SRR R R R 15, 39, 44-46]
Fig.9 Schematic diagram of the algorithm modell!3 3% 44-46]
4.1.6 F A& £I 2 AE DA F 4% TabPFN
FAG SIS HAR A N4 (TabPFN) & —FhJE T Transformer [ QI8 2 k& Edis Tl 7772 . 8 1 72 5L
B A BB AT ISR, S — N2 A RE IR R 2 SR A R O BB AE T B TR
SINUR (ICL) ML, BENS Bl SRR R B ONAE 55 BB FH 5%, e f Bt X A Bl 45
WZRBUHEAT R EE SR . TabPFN A FXGER AHLH], 47 WV H TR AR A R E 2
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[E) R 2RIk, A B T T2 S R — R AEAS R RE AR 2 8] 8. it MILP A 23 A= R T 4i H A
IREHR AL A VA, AL REHR AL TUINAE 7 A %5 B4 TR B 9(D s
4.2 HEEF IATUNRE R
42.1 HREIFM AR

R MVEAL B B TORG B, ASCE e 530 (coefficient of determination, R2). ~F354axtiz
7 (mean absolute error, MAE). ¥J/7H#i%7% (root mean square error, RMSE) J&H{ 4% i% %
(median absolute error, MedAE) PIiARAEFRFRIEAT EALVEN . S FEFRIVE XS EA X QT

R2 :1_M (12)
z RN
;(% -5%,)
(13)
(14)
MedAE (y, )= median |y, - 3445, - 5,]) (15)

Hev, oy, 5 3R ESE . IE A S PP A . n RREIRE P RIREASE. R?
M E AR 5 HAE LA FRRE, RN BIAUN nT AR 1 1 SR REARREE . "MAE TS5 T AR 0 B S AR 2 TR FR T3
AN ZE,  Aes 200 S WU R T % 22 ) e AR /KT o RMISE TF S TIIIME 5 B S AE 2 8] IR 3 7 iR iR 22,
HAE S R BARAE R — RN, (15 R ZE MR EIVENY. MedAE T3 TIUIE A 5 SEAE B 48 0% 22 1
AL, FREE T — AN R EEABUR . RPN bR, S R AR X R 2 HORE A () T
7o REBEIET 1, RGOS B AL F Ve e RE R sy, AL G B S Tt ] S Pt Bt 2 487
FJ2, MAE. RMSE Ml MedAE {F iR ZE B4R R, FABIENT 0, FRUITHINIGE R 5 S B 2 18] )
BRI, RAEAS AL B £ 5 vy R TR JE
4.2.2 BB F SRR AEAAR SR8 AR

TEAEENLAR 22 ST TS A, S5 e B R e A peoe s . S5 T 0k, ARFITR
H Akiba Z5474¢ H (1] Optuna G B ESL AT S T . IZER I O ILALE TSI TR 54
Parzen {5 11%% (Tree-structured ‘Rarzen Estimator, TPE) {E N RFEE L. MR TAE S MM 2R BFEAL
192, TPE REMSEE PR LWRAh 45 RA MRS, NITT B & M ) =8 1 S B X s, e
T 7 R AR SR

N T VS ERIZ A BE 7T, AT TR BEA LA 20 S A B 4R 1% 80%- 5 20% [ EL il AT &1l
gre o, 2506 AR MR RIINGRSE, F TR @ RS H TR, TR 627 LA W) 2H st S7.
IS, FH TR A 2R RE VT AL . EABSUIZRIT B, A 1 e s L S 30 & PRI 100 & XU
KH T 5 P8 RS G . BAKTI S, WZREERBENLRI 738 5 AN BRI T4, BEREET 5 AR
ks ERFRIEAT, RKKIEHEDILR 1A FEENRIESE, TR 4 D TEMENIZRE TR
G AUFFIEH A RZE (MAB) (A3 (13)) BRI EER, SRR N 5 IREGE
SR EARN A 1% XS UERAR W E 10 s,

FT Bl P 5 P58 XIUEPPANHESS, B 5T 5N Optuna DU HEARALHESE, B1E RS2 HEILHEC Y
TR R AL E . AR TS N T4, Optuna BEW N S B LIS MRl 2. 7]
FERITRR S . BB OCEESH LR AR e LR 7, HRESHRFEIME. e
T s B4 2R 96 Bl N AT 2 A S I0E, R RS BT 5 158 XIRUERT T34 MAE /) B s
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SHAE. EEEERNLS, £TAL 4.1.6 WATIAR) TabPFN A FLT T Zr e i0 50, HdRs g 42
ML F TG R L LR KEBSEORN. B, A5 LSS 5 SR HAT AL R R,
TabPFN I B #2R H b ERC B 2 554 T,

( Training set | Testing set | » evzﬁiti]zlzitlion
[teration 1 -DDDD
teeracion 2 [ ()

[teration 3 DD-DE hypeliggl(rigrgeters
rerationd || N ) || Training fold
Iteration 5 DD[:]C}. - Validation fold
Bl 10 5 #r52 XAiE
Fig.10 5-fold cross-validation
x®7 REBPXRBSY
Table 7 Key hyperparameters in the model

Y HESH R R
DT max_depth (3,21 20
min_samples_leaf (1,10 1
min_samples_split (2,10) 3
Splitter {best, random} best
RF n_estimators @100,500) 500
max_depth (3,16 16
min_samples_leaf (1,10 1
min_samples_split (2,100 2
XGBoost max_depth (3,16) 8
learning_rate (0.05,0.3) 0.05
n_estimators (100, 1200) 700
LightGBM num_leaves (6,50 44
min_ddta in\ leaf (1,100 3
ledrning rate (0.05,0.3) 0.05
n_estimators (100, 1000) 700
MLP hidden_layers (1,5 3
nodes (12,24 16
solver {adam, sgd} adam

4.3 HERMBNE
4.3.1 A} A 5

AW TN GRS 2 SR8 T TR A E AT 2 R RC A T AR ARSI i 464 D 4 7l
EA S EAT R, AP I R . B 11 R 7 I R0 A A I 5 A 1 F0000 20 A0 B sz
LLEL, KB EE ST y = x Zebfi, RAMNME S ESE REFWI& . tAh, R 8 Rlthas 7
T IPAE L 88 22 ST AL M BE A, 09I ELEE T R2, MAE, RMSE, MedAE PUAMEREVEANFEHR,
(1) R2 Ak 1 MAE, RMSE, MedAE FRIFBAIITERE R P, 3R 8 v, SBIATEIZREE R vEAY
FRPRIIET MR Bhoh, Bl B b AR R2 A MLP B (1) 0.958, s it H ix SE AL 2% 2 S f Y 1)
AERC TR B TN AR ME R 4 T RC ARG TR Do FE/N A HLES 2 SR th g PN R M B B o 2 1Y
T XGBoost YIZREN R2=0.999, MAE=0.006, RMSE=0.008, MedAE=0.004 i34 [¥]
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R2=0.986, MAE=0.024, RMSE=0.034, MedAE=0.018; #:tT TabPFN iIIZ:# ] R2=0.997,
MAE=0.008, RMSE=0.015, MedAE=0.005 FIlIiX£E 1) R?>=0.989, MAE=0.018, RMSE=0.030,
MedAE=0.011. N [ PG SEPrik e, NSRRI v E 2. NP, BT
TabPFN Sk AE MRS LRI S RE . RIS, TEWFFUI 5 8258 70 e % TabPFN B 34T
=0T,

L > »,7 - — S &7
1.0 * Training set s":’vn\’f/ ° ] 1.0 * Training set &7 .oo“f/
- O Sty o - S0 s P o]
> Testing set S oY Testing set S AN
0.8 - Train R%: 0.998 S8 ST AR ’; 0.8 - Train R%:0.996 Sorass P ;'
U x% 4 - @ X7 - % T
E Test R% 0.970 g ™ | B | TestR%: 0981 AT (aclRatt
= e PR = Ry %
= 0.6 |- VA o e Pt = 0.6 - e el e Y ,”é
£ A e I~ R B R
'E e bt - Tgob .g L Bb - “gxeo
o S el < A 3] /e ~ A PRt
504 % o . A =04 AT e A -
o 4 - - 2 e . -
= e ke A~ X
02 g 02t " O’
e s
0.0 - 1 1 1 1 1 1 0.0 - 1 1 \Q L 1 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 4 .6 0.8 1.0
Actual value Actual ue
(a) DT \} <« (D) RF
L > d.7 L R
1.0 o Tralmng set ‘c"\\‘ °°¢/ - 1.0 N TME ) \‘0\3\/ ‘0°°" .
. il rd ? F .
s Testing set @i“)"@‘:”f 2k : . «*/\ Testin ¢ ,;i‘:)" ’Qf: e, S )
0.8 I Train R%: 0.999 SIS e .2 08 - Train k> 0.997 5 P
= BT XNy o7 @ [ - LS s 27 o™
E | TestR0.98 s A LR; 0984 R St
= 0.6 - S Sl -1 ZA6 vy ESPEITN A
= P SN e e JPtar .f’\,w““
b P - - ’“\\‘l‘g\ g ’ 5 -7 “n»‘n
=04 28 . = s oF)
=1 . & e o e -
[ 25, e T K 4 2 -
=™ e & 24 - [-™ o _
02+ . A 7,02 - B -
0.0 | N 00|
1 1 1 1 1 1 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Actual value Actual value
(c) XGBO\OS} * (d) LightGBM
L T d I
1.0 +  Training set 1.0 » Training set AN
. g . SO 40, o
Testing set +  Testing set S8 ‘2
0.8  Train R2 0.8 - Train R RGP " LIE
0 " Train R*: 0.984 —/ & g5/ e Train R: 0.997 S s };
N x* s A . PRGN
2 Test R”: 0.958 ¢ Z [ TestR%:0.989 S
206 So6t Sk o
= = oy 2T e
] . 2 t P Phe -2 g0
] 5] e -7 - 7ol ™
2041 . S04r . e A
£ ¢ & B it
0.2 | o 0.2 - s -
A i
0.0 _l A. 1 1 1 1 1 0.0 - L L 1 L 1 1
00 [ 702 04 06 08 10 00 02 04 06 08 10
Actual value Actual value
(e¢) MLP (f) TabPFN

B 11 NS A TN 5 SO AR A EUAL
Fig.11 Comparison of predicted value and actual value for six algorithms
4.3.2 SHAP =T f##% 547
K12 oK 1 SHAP 25T EIAERER] . S0 KB 24600 SHAP H BACRHER E 2, HT
PN FIRFAE A B B . 7 A0 R G0 5 TRt A A B I R R S B Ko BB = AN BB b, RORAENE
YERE BRIl T, AR BT RE D AR E S BOE E . ALY w AL, AR 1 oREL
A8 RC AEHBRTHAR, AR AR A RN, fF FIAE RC AE IR _E AR ER A3 . URBEA
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SR E ERKERT B DT AR B8N A B A BUE R PTBT AR B BTk . FR L E [ RFAIE
Ny RORFEAE R B Z AT AT A6 R o
* 8 FMILERFE IRE MM REIEtR

Table 8 Performance metrics for each machine learning model

A Hilatk R? MAE RMSE MedAE
DT Training set 0.998 0.007 0.014 0.005
Testing set 0.970 0.029 0.050 0.015
RF Training set 0.996 0.010 0.017 0.006
Testing set 0.981 0.026 0.040 0.018
XGBoost Training set 0.999 0.006 0.008 0.004
Testing set 0.986 0.024 0.034 0.018
LightGBM Training set 0.997 0.011 0.016 0.008
Testing set 0.984 0.024 0036 0.018
MLP Training set 0.984 0.026 0.036 0.019
Testing set 0.958 0.039 0.059 0.024
TabPFN Training set 0.997 0.008 0015 0.005
Testing set 0.989 0:018 0.030 0.011

e AR R B X 7 T R I

Mean(|SHAP value|) (average impact.on'model output magnitude)

0.00 0.03 0.06 0.09 B2 0.15 0.8 [High
L R R R PR T S Rt SR LR
R | sms ol u‘l‘ﬁ.-)\w‘-aj A% & [ R
]
h | PO TRY (¥Y b IR )
N | Nttt sy (Gpis Senee o .
o W | . %
2 Ja | Ly el . £
= | \ \ - e =
[ e
o i A ~+
13 2B\ —t—
EON e
|l L 1 1 1 L L
-0.45 -0.30 0.15 0.00 0.15 0.30 0.45 iy

SHAP value (impact on model output)

K] 12 TabPFN K] SHAP f&
Fig.12 SHAP values for the TabPFN model

EAFVE R A, AARFATC A 2 LU TG 3 28 5 B e . 5 45 41 Bl 4 A A0 s ) B2 6 20 R T 1 4R
Fil A RN o /N 5 T PR S 3G N N AR, AR TR RITET R ), RIS R R T O A TR Rt
HIM 2 RAE ] AEBRNE PR T, i BN 5 XA & A A TR O R B ORI, 2O T AR B
JIE N SRR, TS SRR R ), AT SUREE D T RCR B2 . ik, fEiEAT
FURBLTHIN, e 52 AN O IC 5 3 P AR B B PR R 3R, W IR A2 RC HE W AR 3 ) Bt 2R AT
Al

B 12 W R S ANRFAE SHAP B A G O, URIARHIE R B AR s g [l o R R B4 s AR —
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IFEARFEZRALE L) SHAP {8, Ron GRS HAN MR E R S AR5 48 5 D, IE(ER SRR
BN, FUER R R D o B A R SRR R B, LD R R R
fib, NI BOMERFIE. B 12 TPl DA Y, X2 5 R AT B B SR 0y A 2 2 5
Wit o KF 24 Jo 48 0 3 SSORE A A ) 453 O P 3RO 0 R B P 8 T 3 S5O 2R 8 453 5 48 B g b
RIS, RN T8 A3 NS 2 AR 1R 5 4R B . SRAL A gl T ARE T B IE
4.4 5HRTEMAIFSEL

NT VPG TabPEN ALY IROCAREIAEAY, 5 R 2 5RO I ZRAn I sl i3 o0 T i il Az
P, ATFFEET 6 HIIK LA (95 C1-C6). UL T I MM NFFIEM 55 1 20 FE b A W0 2k
MR Bl E R RNESE, BAASEUINER 9 s . U 58 S TSR MIRAAE, B ERHD
SR TRE R AT BEAB R AR KNI 55, LA BrASE AR o) A S Al ) b B g

=9 NAMK TRNLTR T RIREFTHESH

Table 9 Geometric dimensions and explosion load parameters for six test conditions

%5  Hmm wmm  h/mm [, /MPa f/MPa f/MPa  p/% % N; Wikg R/m
Cl 5000 400 400 45 400 335 1.57 097, 0.3 30 1
C2 5000 400 400 45 400 335 1.57 0.97 0.1 300 5
C3 5000 450 450 45 400 335 1.50 1.30 0.4 30 1
C4 5000 450 450 45 400 335 1.50 1.30 0.4 300 5
C5 5000 600 600 40 400 335 1.64 1.76 0.1 30 1
C6 5000 600 600 40 400 335 164 1.76 0.2 300 5

W Bk 6 H T A IZREF ) TabPFN B, SERILNAS 2 14511545880 D 5 LS-DYNA H Rt
ERAL LS R TR b, S50 10 Frax. HER AP, “TabPFN 1AL FliF 5 4G PR o B HUE = B V)
Hro TEFTAMAR THH, AEXHR ZE SRR . Hor, Tl C2 B TRG & =, AEXT IR 221X
9 0.98%; BIAE 2R ZE B K LI C5, HAHXHAZEMAUA 5.60%, V37E LAERVFFIRZETEREN . X
B TabPFN #5584 G 8 1Rt il P2 B AL i NRHIE S 00 e B e T S R AR 2R ML O &R, 1B R
AR AR, R AR S AR RIH 7RG MIA eI 5 E k.

F< 10TabPPN BV TNE 5 B BR TR LS R EE

Table 10 Comparisonfef/TabPFN model predictions with finite element simulation results

I A B ICHHME D TabPFN # AL T {E D FEXTR /% EatTEd s
Cl 0.692 0.683 1.30 HEEBIN
2 0,715 0.722 0.98 IR
C3 0.382 0.376 1.57 SN2
C4 0.570 0.555 2.63 HEERIR
C5 0393 0.415 5.60 rh AR
C6 0457 0.451 1.31 ERERTEN

PR EE 3.2.3 AL RS HE, ASHFFEXT 6 4LIGUE Tt RG2S gt AT 7 Ril4y, 455 nk
10 fitzme N 73— ITE TINS5 SR T ek, & 13 R 1 & LOUR R A A BR oAbl — ki Fe br
=B (ALED .

AR N0 PIBATFR S B 13 EWURE FIRER AT Fe A BT T e 614 40 52 S BRI
C3. C5 K C6 #E, HAITMME 2ARAE 0.2 2 0.5 XN . 52X MATE 13c). K 13(e)f1E 13(H) &
IRt BUE AR X A B R AR H R IR R . X R T % T TR ) SRR IR A R
RAFCEY R, G5 BZ R H A SRR 52 8. 0 T e N E B RR ) C1. C2 J& C4
FE, TabPFN B TRINE BT 0.5, X—TRNLE R 5K 13(). B 13(0)ME 13(d)+ 2ILHIKTH
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R ELEE R S BUE R X AR, BRI 7S B R R R . XA TIINAUE S5 A
PR TCHA 0 70 AT RFAE Z [ B0 LD 2R, IESE T B Y e g A ROt AR BUE AL, PRdil ) RC AL R AL
R FE B, B IR A S T R o4 AR A, G AV R B T
AR SCHE e 2 6 A o B X TR) A BEAT R O 5 2 800 M. 0 T B SRR R IE LS 5T RC AR
T, AR AEARR G K BRI B BT 3 — P B IE i

. — Fi V—‘ g :.zjl

1.6 _|
14 _
1.2_
1.0

0.8 _I
0.6 _
0.4
0.2]
0.0

&!

(a) Cl1 (b) C2 (c)C3 (d) C4 (e) C5 () Co
D =0.692 D=0.715 D=0.382 D=10.570 D 0393 D =0.457

B 13 NN T AL T RC HA IRTTIE— (i itebr 28, (IAHED = (o)v (o)« (D R
(@)« (b)s (d) AEEEREIA
Fig. 13 Finite element scaled damage measure contours of RC celumnsunder six test cases (side view): (c), (), (f) moderate
damage; (a);(b), (d) sevgre damage.
FEVF R M JT T, TabPEN AU REHL TR . $H0 FIRNAHTOL, L4810 FRCHUE B
S ERIRFEIT 20 1 /N, AR B AR TP A AL TR £ 0.5 0. XEIRHEERIEX Bl it A R A A
RIF AR EERIRTIR T, AZB AT ARSI 1k 4 MECES,  SEBl 7 HRNERT3ME AT RC AU
BT A PO AT 5, BERE 0y RC AR UL BT RTINS H0o M i gt g Budls Sk
4.5 BRI RE
JUEARWT TR T 35T TabPEN B[ RC AL I 535, B A8 22 U5 A7 A — 52 SR R
Peo H5E, FEMIERT 3,133 AR, BUE B SR S 1T, TSR0 HE S RV, RMREALL
B A PT RE I AN AL 22 o N LA 22 SR 2 222 3] LS-DYNA W E R ENE N 5 AR L, s LA
e L E SN SRR R . L, R A i T B Woodson & Baylot X360 IE 1
HUE T =R HERR PR, B AL A B B SR i M X 4 S A BE A DT I B 36 T s M it A
e £ HL S 52 PR, R KW FURE B0 TSR TE 2 v R B i e, I8 R8BI NGRS S Sk, BI)
A K IEAANEGR AT TN 25, FRES &/ IPEAS L SERAR AT O, AT BRI e 22, SR T T A
RIAE bR TAER A HZACRE S0 BUAh, ASSCAEAFIESI A TS TAIAAAE — B SR PR 1 . FEIUAT S5 A8 BETH A0
yEH, RC AT AHC A8 H ek e B Ag e A S A AR 34T 48— R . T i e A A 3 7 3 O
AR B B AR AN ) I,  SR AR T 4 2 B A B 20 M i B X i A A B R P P
AT BT AHIBRSZ RO o AR FOR R S S PR AR &, DLBA AN [R)E f A4 3 f9) 0 2B )

5 &5i18

AN I o BB R S0 H A0S BUIGAIE,  BSL T BUEARU O IR R AT SR, RS R 5 R
UL TRESERR. fESLEEAt b, 456 259 A SCHRECEFEAS AT 2874 A B AR A e dids, s T
RC MM A R0 e, JFR 7 /N ML g2 ST DA RC AL IS i 1a 4, IFgIN
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