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Table 2. A collection of existing GFMs.
Name Domain Task

B Text-attributed graph, Node classification,
PRODIGY (HUANG ET AL., 20234) Knowledge graph Knowledge graph reasoning

P Node classification

Primitive _attri >
GFM ONEFORALL (LIU ET AL., 2023B) Text-attributed graph, Knowledge graph reasoning,

Knowledge graph, Molecule Graph classification

Node classification,
LLAGA (CHEN ET AL., 2024B) Text-attributed graph Link Prediction,
Graph classification

Molecular sampling,
Property-guided structure generation.
Property predictions of solids,

DIG (ZHENG ET AL., 2023A) Molecule

MACE-MP-0 (BATATIA ET AL., 2023) Material Science

Domain-specific liquids, gases, and chemical reactions.
GFM JMP-1 (SHOGHI ET AL., 2023) Material Science Atomic property prediction
DPA-2 (ZHANG ET AL., 2023A) Material Science Molecular simulation
MOLEBERT (XIA ET AL., 2023) Molecule Molecule property prediction
ULTRA (GALKIN ET AL., 2023) Knowledge graph Knowledge graph reasoning
Task-specific ULTRAQUERY (GALKIN ET AL., 2024) Knowledge graph Knm\-rledge grapl-l reasoning
GFM TRIPLET-GMPNN (IBARZ ET AL., 2022)  General graph algorithm reasoning
G-RETRIEVER (HE ET AL., 2024) General graph Graph Question Answer
GRAPHTOKEN (PEROZZI ET AL., 2024) General graph Graph Question Answer

[ICML 2024]Position: Graph Foundation Models are Already Here Haitao Mao, Zhikai Chen, Wenzhuo Tang , et al.
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Table 2. A collection of existing GFMs.
Name Domain Task
. Text-attributed graph, Node classification, -
PRODIGY (HUANG ET AL., 2023A) Knowledge graph Knowledge graph reasoning Q
PR Node classification
Primitive _attri » B~ N
GFM ONEFORALL (LIU ET AL., 2023B) Text-attributed graph, Knowledge graph reasoning, Xﬂ‘ H ){_:T\g’( > :@ﬁ
Knowledge graph, Molecule A N
Graph classification FE 27 1/ 2533
Node classification, ’/ff Qﬁ_‘
LLAGA (CHEN ET AL., 2024B) Text-attributed graph Link Prediction, G ~
Graph classification
Molecular sampling,
DIG (ZHENG ET AL., 2023A) Molecule

Property-guided structure generation.

MACE-MP-0 (BATATIA ET AL., 2023)  Material Science Property predictions of solids,

Domain-specific liquids, gases, and chemical reactions.
GFM JMP-1 (SHOGHI ET AL., 2023) Material Science Atomic property prediction
DPA-2 (ZHANG ET AL., 2023A) Material Science Molecular simulation
MOLEBERT (XIA ET AL., 2023) Molecule Molecule property prediction
ULTRA (GALKIN ET AL., 2023) Knowledge graph Knowledge graph reasoning
Task-specific ULTRAQUERY (GALKIN ET AL., 2024) Knowledge graph Knowledge grapt-l reasoning
GFM TRIPLET-GMPNN (IBARZ ET AL., 2022)  General graph algorithm reasoning
G-RETRIEVER (HE ET AL., 2024) General graph Graph Question Answer
GRAPHTOKEN (PEROZZI ET AL., 2024) General graph Graph Question Answer
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Table 2. A collection of existing GFMs.

Name Domain Task
. Text-attributed graph, Node classification, -
PRODIGY (HUANG ET AL., 2023A) Knowledge graph Knowledge graph reasoning Q
PR Node classification
Primitive _attri » B~ N
GFM ONEFORALL (L1U ET AL., 2023B) Text-attributed graph, Knowledge graph reasoning, Xﬂ‘ H /I{_:T\ ﬁ N :@ﬁ
Knowledge graph, Molecule A N
Graph classification FE 27 1/ 2533
Node classification, ’/f"} é}ﬁ_‘
LLAGA (CHEN ET AL., 2024B) Text-attributed graph Link Prediction, G ~
Graph classification
DIG (ZHENG ET AL., 2023A) Molecule Molecular sampling, )
Property-guided structure generation.
e Property predictions of solids, o
Domain-specific MACE-MP-0 (BATATIA ET AL., 2023) Material Science liquids, gases, and chemical reactions. Y:E/v\ﬁiﬂz lj‘] Jﬂfﬁ‘
GFM JMP-1 (SHOGHI ET AL., 2023) Material Science Atomic property prediction i:E%Z
DPA-2 (ZHANG ET AL., 2023A) Material Science Molecular simulation
MOLEBERT (XIA ET AL., 2023) Molecule Molecule property prediction
ULTRA (GALKIN ET AL., 2023) Knowledge graph Knowledge graph reasoning
Task-specific ULTRAQUERY (GALKIN ET AL., 2024) Knowledge graph Knowledge graph reasoning
GFM P TRIPLET-GMPNN (IBARZ ET AL., 2022)  General graph algorithm reasoning
G-RETRIEVER (HE ET AL., 2024) General graph Graph Question Answer
GRAPHTOKEN (PEROZZI ET AL., 2024) General graph Graph Question Answer
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Table 2. A collection of existing GFMs.

Name Domain Task
. Text-attributed graph, Node classification, -
PRODIGY (HUANG ET AL., 2023A) Knowledge graph Knowledge graph reasoning Q
PR Node classification
Primitive _attri » B~ N
GFM ONEFORALL (L1U ET AL., 2023B) Text-attributed graph, Knowledge graph reasoning, Xﬂ‘ H /I{_:T\ ﬁ N jﬁﬁ
Knowledge graph, Molecule A N
Graph classification FE 27 1/ 2533
Node classification, ’/f"} é}ﬁ_‘
LLAGA (CHEN ET AL., 2024B) Text-attributed graph Link Prediction, G ~
Graph classification
DIG (ZHENG ET AL., 2023A) Molecule Molecular sampling, )
Property-guided structure generation.
X e Property predictions of solids, o
Domain-specific MACE-MP-0 (BATATIA ET AL., 2023) Material Science liquids, gases, and chemical reactions. Y:E Qﬁiﬂz lj‘] ﬂf ﬁT
GFM JMP-1 (SHOGHI ET AL., 2023) Material Science Atomic property prediction i:E%Z
DPA-2 (ZHANG ET AL., 2023A) Material Science Molecular simulation
MOLEBERT (XIA ET AL., 2023) Molecule Molecule property prediction
ULTRA (GALKIN ET AL., 2023) Knowledge graph Knowledge graph reasoning S
. ULTRAQUERY (GALKIN ET AL., 2024) Knowledge graph Knowledge graph reasoning . .
Eif;s"ec‘“c TRIPLET-GMPNN (IBARZ ET AL., 2022)  General graph algorithm reasoning ERFERMES 2
G-RETRIEVER (HE ET AL., 2024) General graph Graph Quesl?on Answer 8] HATIEL
GRAPHTOKEN (PEROZZI ET AL., 2024) General graph Graph Question Answer
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VIE B RRER (Primitive GFMs) - OFA

Is the paper

N about Bio? Node
< A Classification
GNN Classification
1 ‘.\ _ # \ Link
! - == Did Jobs H - | -
L \ - found Apple? 7 ! Prediction
A i 1
! \ ! \
r LY ! 1
iy *. /I ‘\
More data and tasks. T .ae e’ - -
I | | | | | |
H Cross-domain Graph Data Task Description  [JLLM-based Feature/Task Feature Graph Task-dependent GNN-based Graph
Embedding Prompt Graph Embedding

Prediction
[ICLR 2024] ONE FOR ALL: TOWARDS TRAINING ONE GRAPH MODEL FOR ALL CLASSIFICATION TASKS Hao Liu, Jiarui Feng, Muhan Zhang , et al.

Downstream Task
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VI E AR (Primitive GFMs) - OFA

Text feature of nodes: Feature node. <feature description>: <feature content>>; <feature
description>: <feature content>" ...

Example: Feature node. Atom: Carbon, Atomic number 6, helix chirality, is not in a ring, ...
Example: Feature node. Paper title and abstract: Attention is all you need. The dominant
sequence transduction models are ...

r ™
Text feature of edges: Feature edge. <feature description>: <feature content>; <feature
description>: <feature content>; ...

Example: Feature edge. Chemical Bond: 1onic bonding, 1s conjugated, ...

Example: Feature edge. Citation from one paper to another.

Text feature of the NOI prompt node: Prompt node. <task description>.
Example: Prompt node. Graph classification on molecule properties.
Example: Prompt node. Node classification on the literature category of the paper.

N

[ICLR 2024] ONE FOR ALL: TOWARDS TRAINING ONE GRAPH MODEL FOR ALL CLASSIFICATION TASKS Hao Liu, Jiarui Feng, Muhan Zhang , et al.
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[ICLR 2024] ONE FOR ALL: TOWARDS TRAINING ONE GRAPH MODEL FOR ALL CLASSIFICATION TASKS Hao Liu, Jiarui Feng, Muhan Zhang , et al.
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Sl e B B EAER (Domain-specific GFMs) - DiG

2 o o
MRIILLGAP . R
GAGKGTQ Structure prediction Kt ansy

Semi-closed

Cﬁ@ »[ DIG ] ,  —— e—

@ Distribution prediction

Closed Open
"J-.- By . l }'9*3
axr . Transition «525

Descriptor D paths

[nature machine intelligence 2024] Predicting equilibrium distributions for molecular systems with deep learning Shuxin Zheng, Jiyan He , et al.
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@iﬁ%ﬁﬂ@%ﬁﬂﬁﬂ (Domain-specific GFMs) - DiG

LI T RIEFHIEB AR R E -
1RAFRNE (741D BRERIRERNRRZR (AT

R, MEAERNZD) #ATRERES FRBRREN, SRR
2 FAICRAGRAN, REWARS TEHRMRRT

[ ] = B §
Descriptor P Node — — | R
representation ) .5;-4*

Supervision from data samples

[nature machine intelligence 2024] Predicting equilibrium distributions for molecular systems with deep learning Shuxin Zheng, Jiyan He , et al.
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&R EEMER (task-specific GFMs) - ULTRA

Knowledge Graph & Query Learn Relative Relation Representations Learn Relative Entity Representations

- Thriller ™ 4 Thriller N\
' i dizco
htm = I"‘DIC"‘T?R; %, 9) 3 h), = INDICATOR, (u, v, )
by = GNN:(hi, Gr Rpuna) ¢ b = GNN.(S,G,R,)
3 1 |1 = e TR
R 1— HUI'H '\-ﬁchael I '-"."._- ."-'
e Quincy

\ o Jones _//

b2

Michael *_ <)~ I
Jackson T~ (D' Quincy I
& Jones ®
i - _ : Inductive link prediction using relation
Query: (Michael Jackson, genre, ?) Conditional relation representations for genre

representations conditioned on genre

Figure 3: Given a query (h,q,?7) on graph G, ULTRA (1) builds a graph of relations G, with four
mleraclmm Rfuna (Sec. 4.1); (2) builds relation representations R, conditioned on the query relation
q and G, (Sec. 4.2); (3) runs any inductive link predictor on G using representations R, (Sec. 4.3).

[ICLR 2024] TOWARDS FOUNDATION MODELS FOR KNOWLEDGE GRAPH REASONING Mikhail Galkin, Xinyu Yuan , et al.
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545 EERMBER (task-specific GFMs) - ULTRA

LI T RIEFHIEB AR R E -
A RHKRARMEAERRUMED, B e ™ HLiE—

| 2. rRHNNFRRNETEFE, RSTH. RAFISKRBRS
- YA REC B

[ICLR 2024] TOWARDS FOUNDATION MODELS FOR KNOWLEDGE GRAPH REASONING Mikhail Galkin, Xinyu Yuan, et al.
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[ICML 2024]Position: Graph Foundation Models are Already Here Haitao Mao, Zhikai Chen, Wenzhuo Tang , et al.
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TR A A B X G Ry R, RBP4 R ey AL AR, X RN A R B
A

B E W o
P28 E4E (Network motif) :

T2 2P 4 7 R I KA A 2%
BENTEANREZES TR,

real network

randomized networks

[ICML 2024]Position: Graph Foundation Models are Already Here Haitao Mao, Zhikai Chen, Wenzhuo Tang , et al.
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1 1 IR A Ay AR X I o K e e R
A

B E W o
P28 E4E (Network motif) :

T2 2P 4 7 R I KA A 2%
BENTEANREZES TR,

Bl 73K

P 25 V] e e T R
WO Ey A AR B, LR By 4
1 & 2 18 AR AR TR W AR AR B
b e A e s
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AEB AR N - P28 31T

IR A AW AKX G R RN, BT R G LA, X R AT R e
G L R R

A N g N

/

X - : 2 fes \Ez.F
AABHGNNEMAFETRRERE L / /
m \ )z
: 3|F

W A7, (R¥F T A A R R E $HAE j' LA ; 5 _ ==
Bz E BT M N \’ VAR P #f
e AN A e
A EABERFESTEEE A \ X N L ex /
gli 31/ N \m /ﬁeg =
| N, P Ais
\ X - e /EEF 43
X =T
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AXERB R R - W24 i

IR A AW AKX G R RN, BT R G LA, X R AT R e
G L R R

BB

BEERALE. SRARILE. STk

AN 55 1453 e A A5 AR ) L /
) ()

A \-

/;\:ﬁﬁmdﬁqi/-la E? ;
B*—°(C \/\ \ﬂ/’\

%%%%%L% \_ %mLﬁﬁﬁﬁmLﬁfﬁﬁ
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AEB RN -RIERE /T

REKENNEMETNZZF TN L ERYAANTEEEA RN ELE A ERF T . XM
R A % TN AE S %ot 618 0 B I L 5E & K 4 Brom JF B AR 25 A X o 22 2 R U

BEHETHVS B AR
RrAT RO —NE®R, fLghEXET DFMEHE R, RFAERTRE, WX

fem(H) = f(H)
WgrBEHRELH, Wx
gemn(H) =meg(H)

BERr xRl SAMFER, MELFREERAENT S BT,
HAERAEAR M, BERMNXQTRFER, RNFLZRETEATH, TAFETE,

HAE WY AFENHFERFET AR THEEN, XHERFTEERERLYE, IERMNXOHE
FRAEHS, AR RV AGT A ZWMESE, #TFEERL L.

[ICML 2024]Position: Graph Foundation Models are Already Here Haitao Mao, Zhikai Chen, Wenzhuo Tang , et al.
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AER R N -RIA 5E T)

REKENNEMETNZZF TN L ERYAANTEEEA RN ELE A ERF T . XM
R = F % TUMMAES %0t e oy B3R UL 8 2 K 4 Brom JF R S5 i ey & 2R

BT .
A TR EHERET R R EAH

AFEQERTR, ERTATERAT R
5 H Al SR LB R R B AT A

L

Tﬁ%?«%" &‘ @J —*éﬂ%é\ﬁf\ 15] Iﬁl’ﬂ%zﬁf‘% [Zﬁj\ﬁﬁﬁ Figure 1. IlzI this graph, nor:lh?sl (o angl m;r& 1snmorp}.111;:; (131;11}3
3“5 l'ﬁ]?r@ lﬁ’\]"‘fi’l— 5}’?]’ /‘/kﬁ%fﬁzlz—ﬂ‘/]?/EGNqu ﬁf (v1,wv2) and (w2, v4) are not isomorphic. However, vanilla

with the same node representations v, and w4 gives the same

3T o R o prediction to links (v1, v2) and (v2, v4).

[ICML 2024]Position: Graph Foundation Models are Already Here Haitao Mao, Zhikai Chen, Wenzhuo Tang , et al.
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AER R N -RIA 5E T)

i EL SRR T I A AR B e AR S A B R R R AR R B R
R = F % TUMMAES %0t e oy B3R UL 8 2 K 4 Brom JF R S5 i ey & 2R

Bla2R:
I AE ) E R By GNNT AR T 20 B % A ey A= 4, Al 2 T ey [

Table 1: Experimental results on homomorphism
counting. Red/blue nodes indicate marked vertices.
Task | Graph-level |[Node-level| Edge-level

oo =[N h N NIy 7

MPNN S00 233 .254|.505 478
Subgraph GNN|.011 .015 .012{.004 .058 {}Dd [}58 D4B
Local 2-GNN |.008 .008 .010].003 .004|.005 .006 .008
Local 2-FGNN |.003 .005 .004|.005 .005|.007 .007 .008

o AP

FUR[ICLR 2024] BEYOND WEISFEILER-LEHMAN: A QUANTITATIVE FRAMEWORK FOR GNN EXPRESSIVENESS Bohang Zhang, Jingchu Ga, et al.
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B A A 4830 B R M
2 A e 3 7 MO B

TRAR:

EEEWNN R TENEAT

FIUR[ICLR 20231 GRAPH DOMAIN ADAPTATION VIA THEORY-GROUNDED SPECTRAL REGULARIZATION Yuning You, Yang Shen, et al.

HE 7 o

110
30 -1 -
T A
113
0 0 -l
P L A

M2 R U kB EE T ER,

[

SRR () 158
XF A~ 3

|

0.447  0.438
0.447  0.256

. | —0.447  0.256
0.447 0.138

{ 0.447 —0.811

L=VAVT = lv, v

AL

|

B UL E W E AR

v BB NS TR TN By A R R IR, TR R K

2

0.703 0 0.338
0.242  0.707 0.419]
0.242  —0.707 —0.419 |
0.536 0 0.702

0.318 0 0.202J

diag([0 0.8299 2.689 4 4.481])

AR P 5 A
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#E%%%T@é’ﬁﬁ M2 R U AEE Y EETwER, 3T UEWSF SR,

[0.447  0.438 0.703 0 0.338 ] P 9. " ——
0.447 0.256  0.242  0.707 —0.419 RN . .t N
V = | —0.447 0.256  0.242 0.707 —0.419 ) — o L O T W, ?
0.447 —0.138  0.536 0 0.702 T T o = J - '
| -0.447 -0.811 —0.318 0 0.202 |
A =diag([0 0.8209 2.689 4 4.481)) a) %191 e 220 bt

RRHE R ARV EE S

FIUR[ICLR 20231 GRAPH DOMAIN ADAPTATION VIA THEORY-GROUNDED SPECTRAL REGULARIZATION Yuning You, Yang Shen, et al.
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TRDR:
EAER R R E W E? XMRE

W R B kB Rk

17(G) = FGa)ls {Cr(1 -+ mv/Na{l1Ar — P AP Tl }HOUIA, — P 4P T )

+ max || (fsu,g)|}||x1 I P* Xk,

A4

<

BIEEHixE

AP E =8 Frobenius &2 %
& 3 5]

[ R AL, B Lipschitz %

BRA, MLBER

AP R, HEAEfE vé’?E‘ e L 2 PR A

)

X, WA RARR A

£ B FFIEHE H A

Gy~ Go/2 T RUNNGHI AN
Aq~ Ay BT ST R AT B
Ay~ A BT B RFAEE
C, 1% Lipschitz %1
max{|S(A,)|}: e KM H M v

\_

~
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R
BRERNER RENRTM? XM EEWRE REFREAN, WA UKRTN:
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1 G
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TRDR:
EAERE R MR E? IR EEWRE RERFREX, WTUERTA:
7@ - 1@l s+ VNG 4 - P 4P Tie L o4 - Py . )

+ max [ [S(A2) X1 = P* X, fR A s
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DA A A AR IR
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2

Table 2: Unsupervised transfer of cross-species protein-protein physical interaction prediction.

Methods

Physical: Node transfer = SSReg

Mouse Zebrafish Fruit fly Yeast | MeanT  Rank]

Mashup 51.544+3.82 37.82+3.43 46.88+6.87 57.99+2.28 48.55 9.0
(5.5840.35) (3.98+0.12) (7.1943.93) (6.78+0.92) (5.88) .

D-SCRIPT 58.2246.97 49 5841.12 62.97+0.78 62.434+0.59 58.30 3.0
(7.03+1.09) (5.02+0.76) (9.61+0.21) (8.56+0.15) (7.55) )

GraphCL T76.8840.42 79.11£1.14 81.0240.98 71.03+0.30 77.01 6.0
} (31.16£1.43) (41.80+£3.20) (38.6312.30) (14.58+£1.16) | (31.54) :

Transformer ?']:.65_+0.84 75.61+1.86 76.90+1.64 67.86+0.601 74.50 56

(35054000 (451343150 (327242 34 (12 4641 0R) | (31 34)

Transformer 79.771+0.92 80.854+2.41 82.38+1.13 71.544+0.36 78.63 43
+GIN (31.234+1.94) (34.29+12.42) (42.404+2.04) (15.73+0.79) | (30.91) .

Transformer 80.14+1.86 83.581E1.15 81.49+1.27 71.30=0.61 79.12 13
+GIN+DA-C (34.294+4.12)  (44.011£4.00) (38.944+2.36) (16.8010.65) | (33.51) o

Transformer 80.1841.38 80.88+3.08 81.51+0.36 72.66+0.36 78.80 1.6
+GIN+DA-W (34.14+0.85)  (41.8842.15) (42.02+0.69) (16.18£2.67) | (33.55) o

Transformer+GIN §1.204+0.25 81.69+£1.55 81.791+0.74 73.071£0.30 79.43 13
+DA-W+55Reg (35.994-1.51) (45.1542.07) (43.4441.16) (17.39£1.01) | (35.49) ™

Transformer+GIN 80.93+1.11 81.95+£1.77 80.15+1.07 72.2240.67 78.81 36
+DA-W+MFRReg (34.6313.71)  (43.09%4.19) (35.43x1.60) (16.40X£1.12) | (32.38) .
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Table 2: Unsupervised transfer of cross-species protein-protein physical interaction prediction.

Physical: Node transfer = SSReg

Methods .
\ Mouse Zebrafish Fruit fly Yeast | MeanT  Rank]
T ]//( {im 7€]‘ & gﬁ ég %%E}Z 7% I:-&'— Mash 51.544+3.82 37.82+3.43 46.88+6.87 57.99+2.28 48.55 9.0
%nﬁ \ ] |3 2 =t ) N JEEPG Y N 2R T 2 | =t \ as up 8 0 1N 38N e I T s B ST A0 LT O3 o < o DR W n Ta Y FE Q0% *
;F 8.0
Wk ERA T RS WA M AR B R BT R AR B 0 AL E 60
5.6
A M BT T AT
A
;r"ﬁ l~ FULINFLUA-C DG 2919.12) (Ce AV v (D894 250) (00U ILU0I) | (33.51) 33
4 Transformer 80.1841.38 80.88+3.08 81.51+0.36 72.66+0.36 78.80 1.6
+GIN+DA-W (34.14+0.85) (41.88+2.15) (42.02+0.69) (16.18+2.67) | (33.55) o
Transformer+GIN §1.204+0.25 81.69+£1.55 81.791+0.74 73.071£0.30 79.43 13
+DA-W+55Reg (35.994-1.51) (45.1542.07) (43.4441.16) (17.39£1.01) | (35.49) ™
Transformer+GIN 80.93+1.11 81.95+£1.77 80.15+1.07 72.2240.67 78.81 3.6
+DA-W+MFRReg (34.6313.71)  (43.09%4.19) (35.43x1.60) (16.40X£1.12) | (32.38) v
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Table 1: Performance on the traditional link prediction tasks, measured in ROC AUC (mean-tstd%).

Method Feature Cora Citeseer Pubmed Twitch-RU Twitch-PT Chameleon
M. 89.89 + (.06 90.11 = 0.08 94.62 (.02 83.13 +0.07 82.89 + (.08 97.98 (.01

C. 55.68+£0.05 | 61.45£036 | 69.03x0.03 85.37x£0.02 | 85.69+0.09 83.13+£0.04

VGAE 0. 83.97+£0.05 | 77.22+£0.04 | 82.54+0.04 8476 £0.09 | 8791005 | 97.67+£0.04

P B382+(0.12 TH.O8 +().25 BlL.74+0.15 85.06+0.14 85.06+0.14 9791 +£0.03

R. 68.43+£042 | 71.21 £0.78 6931023 | 68424043 68.49+£0.73 | 73.44£0.53

N.+P 87.96 £ 0.29 80.04 £0.60 | 8526+0.17 84.50 £0.37 88.27+£0.19 | 98.01 £0.12

PGNN N.+P | 86922002 | 90.26 £0.02 | 88.12£0.06 8321000 | 8237+0.02 | 94.25 +().01
GNN-Trans. | N.+P. | 7931+0.09 | 7749002 | 81.23£0.12 | 79.24%0.33 75.44 £0.14 86.23 £0.12
FHire A w T — P A . P T T Par= R T e ] PRr=E - S Y s Aa . et v an ant
LE P 84.43+0.02 | 7836 +0.08 8435004 | TREOx0.10 | 67.56+0.02 88.47 £0.03

DW P 86.82 £ (.18 87.03 (.11 85.79 £ 0.06 83.10+0.05 83.47+£0.03 | 92.15+0.02
PEG-DW N.+P | 89512008 | 91.67x0.12 | 87.68+0.29 | 90.21£0.04 | 89.67x0.03 | 98.33 £0.01
PEG-DW C.+P 8836+ 0.10 8848 + (.10 88.80+0.11 90.32 +0.09 .88 + (.05 97.30 +0.03
PEG-LE N.+P | 94,20 + 0,041 92.53 + (.09 R71.70+0.31 92.14 +0.05 92,28 +(.02 98.78 £ (.02
PEG-LE C.+P | 86.88x0.03 | 76,96 +0.23 91.65+£0.02 | 90.21 £0.18 91.15£0.13 | 98.73£0.04
PEG-DW+ N.+P | 93322008 | 9411 x0.14 | 97.88+0.05 | 91.68 £0.01 92.15+0.02 | 98.20 +0.01
PEG-DW+ C.+P | 9078009 | 91.22 (.12 | 93.44+0.05 | 90.22+0.04 | 91.37x£0.05 | 97.50£0.03
PEG-LE+ N.+P | 9378 £0.03 | 95.73 £ 0.097 | 97.92 +0.117 | 92.29+0.11 92.37+0.06 | 98.18 £0.02
PEG-LE+ C.+P | 88.98+0.14 7861 £0.27 | 9428 +0.05 | 9235+0.027 | 92.50+0.06 | 97.79 +0.01
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