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Table 1: Performance comparison on Sim-Potato data.
Model | #Cov5X | #Cov 10X | #Cov 20X | #Cov 30X

H-PoP | 429.0+64.1 |933.94+1036(1782.24+161.8 | 2826.9+180.7
AltHap [610.94+259.3|722.34+179.1| 649.34+369.4 | 1148.24509.9
GAEseq | 153.7£203 | 261.6+58.7 | 372.84745 | 496.9£1287
CAECseq| 96.24+269 | 141.44407 | 25424997 | 372.941489

NeurHap | 29.9+457 | 51.9+s82 | 92.6+106 | 142.0+236

Table 2: Performance comparison on Real-Potato data.

Sample | #1 #2 #3 #4 #5 #6 #7 #8 #9 #10 Avg.
Reads 240 389 274 115 141 398 295 284 489 449 -
SNPs 294 238 83 23 176 198 456 424 236 410 -
H-PoP 705 525 132 4 240 982 981 766 793 1413 654.1+4356

AltHap 746 572 192 9 299 1295 1021 982 811 1311 723.8+451.1

GAEseq | 231 406 97 2 180 873 558 441 592 712 409.2+2666
CAECseq | 229 393 103 1 172 859 522 430 593 698  400.0£2609
NeurHap | 178 343 93 1 163 857 499 384 561 632 371.6+2689
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Research Track Paper KDD ’21, August 14-18, 2021, Virtual Event, Singapore

Geometric Graph Representation Learning
on Protein Structure Prediction

Tian Xia Wei-Shinn Ku
tianxia@auburn.edu weishinn@auburn.edu
Auburn University Auburn University
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Learning Unknown from Correlations: Graph Neural Network for
Inter-novel-protein Interaction Prediction

Guofeng Lv, Zhigiang Hu, Yanguang Bi, Shaoting Zhang
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Dataset Partition Methods

Scheme SVM RF LR DPPI DNN-PPI PIPR GNN-PPI
Random  75.35+1.05 78454+0.88 71.55+0.93 7399+5.04 77.894+497 83314075 §7.914+0.39
SHS27k BFS 4298+6.15 37.67£1.57 43.0645.05 414342056 4890+7.24  4448+4.44  63.81+1.79
DFS 53.074+5.16 35554222 48514+1.87 46.12+43.02 54344130 57.804+3.24  T74.7245.26
Random  80.554+0.23 82.10+0.20 67.00+0.07 77.48+1.39 88494048 90.054+2.59 92.26+0.10
SHS148k BFS 49144530 38.96+1.94 47.4541.42 52.1248.70 57.40+9.10 61.83+10.23 71.37+£5.33
DFS 58.5940.07 43264343  51.09+£2.09 52.03+£1.18 58424205 63.98+0.76  82.67+0.85
Random - 88.91+0.08 67.74+0.16 94.854+0.13 83.08+0.11 94.4340.10  95.4340.10
STRING BFS - 5531+£1.02 50.5442.00 56.684+1.04 53.05+0.82 55.65+£1.60 78374540
DFS - 70.80+0.45 61.2840.53 66.824+0.29 64944093 67.45+0.34 91074058

Table 1: Performance of GNN-PPI against comparative methods over different datasets and data partition schemes. The reported results are
mean=+std micro-averaged F1 score over three repeated experiments. Results of SVM on STRING is omitted for unafforable running time.

Partition Ars Ars Ans XJ\_\;;;
Dataset g pome  PIPR GNN-PPI | PIPR GNN-PPI | PIPR GNN-PPI | Proportion(BS/ES/NS) PIPR GNN-PPI

Random 83.12 38.31 64.48 74.28 35.29 33.33 92.2 7.5 0.3 B81.58 87.11
SHS27k BFS - - 4492 68.08 30.34 46.25 0.0 72.6 274 4092 62.10
DFS - - 58.25 72.22 48.77 63.22 0.0 38.6 114 57.17 71.19
Random 92.82 92.24 78.80 73.09 40.72 36.36 97.2 27 0.1 9242 91.68
SHS 148k BFS - - 62.80 7251 73.82 77.02 0.0 69.7 303 66.13 73.88
DFS - - 64.17 83.37 55.51 73.08 0.0 91.9 8.1 6347 82.54
Random 94.32 95.42 61.65 77.68 33.33 57.14 99.7 0.3 0 9423 95.37
STRING BFS - - 56.71 83.99 39.87 72.83 0.0 85.8 142 5431 82.41
DFS - - 68.61 90.38 55.22 87.07 0.0 94.3 5.7 67.84 90.19

Table 2: In-depth analysis between PIPR and GNN-PPI over BS, ES and NS subsets.
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Structure-based protein function prediction using

graph convolutional networks
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2) BA—LET5EERcontact mapF3DEIME MBI TERAMRINEETN, IR T BERREAERNEEY,
(BERLSHHEEFEINEERREEHARHEERRN, EAKERD 3D RIRKEEREIT S E

Aok (FERE T —PETGNNRIEBRINEETIUELR, HEamMER
1) LSTMARBUREEEEL 75 BIRIAFE

2) GNNIZENERREMAHE
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Structure —=
Sequence -
‘ contact map Output:
use M \\ -
N softmax ¢ RelUs RellJ ® G RelU sigmoid
L I [ ]
1 o 5 ® o @  60:0000991
EG : ER : Z L4 E : m @® 60:0001591
—_— — —_— ) — e .
i ° ¢ ° ° ® :
$ ° ; Py ® ® @ co:0003700
1 : : _/ I °
\: iterate to build up sequence J Y,
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1) FNEER C. JRFHEERE/INF10A
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Input:
Sequence _
‘ contact map Output:
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use MX L ) .
i softmax ! RelU RelU ®  Gsp RelU sigmoid
L I ®
I = - et 5 ® o @ | 60:0000991
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R Tz H
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\\' iterate to build up sequence J Y,
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E n E g pX L E ® IZ @ 60:0001591
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\' iterate to build up sequence AW Y,
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Sequence -

[ contact map Output:
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use M L -

r; softmax f RelUs ReLU - ® Gsp RelU sigmoid

L I 9

1 = o 5 ® o ® 60:0000991
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E n ® G g pX L E ® IZ @ 60:0001591
R n ® H ® ® ® N

g = ° i ° e ® ® 60:0003700
1 : : A °
\: iterate to build up sequence YA Y,
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yin=1, if sample i is annotated with function j, and Yip=0
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USING GRAPH REPRESENTATION LEARNING WITH
SCHEMA ENCODERS TO MEASURE THE SEVERITY OF
DEPRESSIVE SYMPTOMS

Simin Hong Anthony G. Cohn David C. Hogg

School of Computing School of Computing School of Computing

University of Leeds, UK University of Leeds, UK University of Leeds, UK

scsho@leeds.ac.uk a.g.cohn@]leeds.ac.uk d.c.hogg@leeds.ac.uk
(2022 ICLR)

FIFAGNNEFUNEEPEE (HFSTEIREE3EABBINERE, 85%RIIEMEEERRELTNEIZHN, 30%
RUHDEREREIRBS KA, RE10%NINEERESEIATT)

37



= S
JL
BUio

va::

BiaT (HIEREFEiERE)

i always feel irritated. i am lazy when i do not sleep well. my
mood was just not right, i was always feeling down and
depressed and lack of energy. i always want to sleep. i am
lack of interest. i have gone to therapy, it has been useful for
me in the past. i would love to talk to someone, i just feel like
i do not have anyone so i do not depend on anyone. i have
always felt depressed in my life, my symptoms were lack of
energy, wanting to sleep a lot, lack of interest. my appetite
was uncontrollable either lack of or i was just being
gluttonous and eating the wrong things. i have notices those
changes in my behavior......

EAARKISAT LIRS —MAROIERE, HNIEMEREIERASEREZSHE—ARNIE, 1%
TECEINXZE, MSHEMEARBKRRD

ELfrEiEs, EEBEFBA—HEOUNEERRDE (PHQ) KEEBEIHENT™ERERE, (FERIEEREE
EPIERY_E TSR AR TRNIDEBERI ™ AR

BaFHRIAEEN—MERRDR, RBSRESHEMERZENETRREER, RIFFAGNNKHEARSIEZIE
RUETMRR, BEHFAERAERE
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1) WAL BXARRIE MNAAER—NAER, MANAXRTRENIMGL, HikTER20 U, e R™Y v eV

2) HEEEBE: I:r-;{ — U ﬁr}' + —llTU-{HIﬁV{k} + _lilTU_{k} H{IU‘“}
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Table 1: Comparison of machine learning approaches for measuring the severity of depressive symp-
toms on the DAIC-WOZ development set using mean absolute error (MAE). The task evaluated is:
PHQ score regression. Modalities: A: audio, V: visual, L: linguistic(text), A+V+L: combination.
The result marked with a * has been computed by us; the others are taken from the cited papers.

Regression: PHQ score

Methods

Modalities PHQ score MAE

Baseline Challenge ([Valstar et al.| 2016 A+V 5.52
Gaussian Staircase &egremﬁ%ﬁmm R016) A+V+L 4.18
LSTM (Haque et al.,[2018 A+V+L 5.18
LSTM (Alhanai et al., {2018 A+L 5.1

DCGAN (Yang et al. A 4.63
DepArt-Net (Du et a A 4.65
LSTM ( L 52

C-CNN { L 6.14
BiLST 1 L 3.88
Multi-level Attention network (Ray et al.,|2019) L 4.37
*GNN (Gilmer et al., 2017) (Ray etal} 201 L 424
Our Proposed Approach L 3.76

Table 2: Results of ablation studies. We apply 10-fold stratified cross-validation and give mean
results. MAE: mean absolute error. RMSE: root mean squared error.

Metric
Setting

MAE RMSE
Train Test Train Test

Original(schema-GNN)
1) Fast(schema-GNN)

3.85 3.52 448 432
428 3.86 5.14 451

Maron et al.

i1) Without equivariant linear layers (

2018) 4.14 395 5.60 4.49

i11) Mean Reduction

432 5.16 445 5.12 42
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SPANNING TREE-BASED GRAPH GENERATION
FOR MOLECULES

Sungsoo Ahn', Binghong Chen?, Tianzhe Wang?, Le Song”+*
IPOSTECH, %Georgia Institute of Technology, *Biomap, *MBZUALI
sungsoo.ahn@postech.ac.kr, {binghong, tianzhe}@gatech.edu,
dasongle@gmail.com

(2022 ICLR)
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Figure 1: (left) Benzaldehyde, (middle) its spanning tree (blue) and residual edges (red), and the
corresponding constructive decisions (right). Open circle represent atoms and bonds in the molecule.

PIAHkER:

1) EEBNM D FENSREER] 080

2) FRERRID FRmEZNSHN

A3 TR

1) BRFERERIEAERNFTIEMNANFRENNAS, HEPRFAEIEAERNPITR.
2) ThSeRE MiER 73 FERSEMUEMN SHEIRRMNMIRIEEREREIE S FRIS TN
3) REH—1ETF TransformerfIHELERIGIES piREY
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Figure 1: (left) Benzaldehyde, (middle) its spanning tree (blue) and residual edges (red), and the
corresponding constructive decisions (right). Open circle represent atoms and bonds in the molecule.

PIAHkER:

1) EEBNM D FENSREER] 080

2) FRERRID FRmEZNSHN

A3 TR

1) BoFEERIERERMMFIEMNINZERRBNAS, EPEFINEENERNTRIT R,
2) ThSeRE MiER 73 FERSEMUEMN SHEIRRMNMIRIEEREREIE S FRIS TN
3) REH—1ETF TransformerfIHELERIGIES piREY
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Figure 1: (left) Benzaldehyde, (middle) its spanning tree (blue) and residual edges (red), and the
corresponding constructive decisions (right). Open circle represent atoms and bonds in the molecule.

SFEET: BHTFEMER_SE ¢ = (4,58,€) A. BrEREFoasmnzes {a,b} € Enx
BEFAgansn, BEFEE T, € Xaton  BBHE Tb € Xoond

SFEER: ITERSFE 0= (A B.E), EE—RIREd,, ..., dr FEBR T = (A1, Br, &) T
B Er = E\ET | —HAg-HIBIEITLER

attach_atom attach_bond branch_start branch_end res_atom res_bond terminate

"C" 'E Xatcm n__i E Xbund ] (u u) ] g d 'E ﬁres ] [EOS] ]
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attach atom attach_bond branch start branch end res_atom res bond terminate

IICII E Xatom n_n E Xbond

n(u 1|)||

Wygn d E f'res

_...O

~d

v

C-C(=0) (-C#=C-C=C-C=2)
Sbra.nch = ” -":ras = []

C-C(=0) (-C#=C-C=C-C=2)
'Shranch = []- EIHH = ”

C-C(=0) (-C*=C-C=C-C=2)
'Shranch = U!-EIEIEI = I:I

7

o

e

C-C(=0) (-C*=C-C=C-C=2)
Sbranch = [1]'- f'res = []

C-C{=0) (-C*=C-C=C-C=2)
Sbranch = [IJ: ’::res = U

C-C(=0) (-C*=C-C=C-C=2)
'S'hran::h = Ur ’::res = U

\

A
N

C-C(=0) (-C*=C-C=C-C=2)
Sbra.uch = [J—] Jfl-‘:r'El'S = []

C-C(=0) (-C*=C-C=C-C=2)
Sbran:h = [1]-":1'53 = H

C-C(=0) (-C*=C-C=C-C=2)
Sbran:h = [1]-1:::53 = [2]
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Sbranch = l]_J J’:rea = 12]
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Shranch = “J, £res = U
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Algorithm 1 Tree-based generation of molecular graphs

i A Al >y

e T T =
B = o 0

[a—
b

16:
17:

Input: sequence of decisions d1, ..., ,dr.
Output: graph G = (A, B, £), atom attributes {x, } . 4, and bond attributes {x }re
Set A 0, B «+ 0, &1 «+ 0,Er + 0, and T « (A7, B1,E7). > Initialize the empty graph.

Set L;es as an empty list and Spranch as an empty stack.
fort=1,...,7T do

if d; € X,.on then > Add a new atom vertex.
Create a new atom vertex a and set A < AU {b} and z, « d;.
If |Br| > 0,set &7 « E7 U {{a, ipoint } }- > Edge is added when tree is not empty.
SE[ /!':poj_nt — (.

if d; € Xyona then > Add a new bond vertex.

Create a new bond vertex b and set E7 < E7 U {{b, tpoint } }, B < Br U {b}, and x}, < d;.
Set ipoint — b.

if d; = "*" then Insert ipoine N0 Lres. > Add pointer vertex into the queue.

if d; € L. then Pop d; from L,.. and update Er < Er U {{ipoint. ds}}. > Add a new residual edge.

if d; = " (" then Insert ipoint 1NtO Sbranch- > Add pointer vertex into the stack.

if d; = ") " then Set iyoint < POP(Sbrancn) > Update pointer vertex from the stack.
Set A+ Ar, B+ Br,and £ «+ &7 U&R.




attach_atom attach_bond branch_start branch.end res_atom res_bond terminate

"C" c Xatom "n_n € Xbond n (n 1|) " Nygn d c Lres " [eos] "

By 6 M A3

7 FEER

o

C=C (=0} (-C*=C-C=C-C=1)

Figure 1: (left) Benzaldehyde, (middle) its spanning tree (blue) and residual edges (red), and the
corresponding constructive decisions (right). Open circle represent atoms and bonds in the molecule.

H AR SN AR E:

1) BEEmaIBRME: branch_endiERBEEILSprancn AT HIL. res_atom#ires_bond REEEIEFHERIRFT
RAMECE R T RAEHREIL.  branch_end(branch_end)#2{ERBEEREHERIRF O RIEHELI. RAFREIE
STRRSE

2) RN : U(i?a.) > ZbEN{a} G(mb) , U(:L"a_) BEFalING, D(.’L‘b) B SaemagRn
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Figure 1: (left) Benzaldehyde, (middle) its spanning tree (blue) and residual edges (red), and the
corresponding constructive decisions (right). Open circle represent atoms and bonds in the molecule.

ETFtransformerfItEaIZEHT :
Q=HWqg, K=HWg,V=HWy,

QK (1) (2) 3)
\/E—K + P} Pt]_,tg = quforuard(tl :t2) + Z¢backwud(t1 7t2) + Z‘;Sseq(tl:t?)’

Attention(H ) = SoftMax(M o A)V,
M EFEiERER IHRBIETRNRS R BARRAER
P 24w @i Oseq(t1t2) = t1 — to

¢forwud (tl s t2_)a qbbackward(tl? tQ) Dtorvara = 2, Pvackwara = 2

A=
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Figure 1: (left) Benzaldehyde, (middle) its spanning tree (blue) and residual edges (red), and the
corresponding constructive decisions (right). Open circle represent atoms and bonds in the molecule.

TN :

p(d) my(d) - my(d) - exp(w,] h) Vd € Xavom U Xpona U {" (", ") ", "x"}
P my(d) - my(d) - exp(h] WiWy h)  Vd € Lyes.

My (d), mgy(d) MaskisrBa IR IEES TR/ SMNSHIEERIN

51



By 6 M A3

r3
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Table 2: Experimental results on ZINC250K and QM9 datasets.
ZINC250K QM9

METHOD CORRECTABLE VALID UNIQUE NOVEL VALID UNIQUE NOVEL
GCPN (Youetal., 2018) v 0.20 1L.0000  1.0000 - - -
MRNN (Popova et al., 2019) v 0.65 0.9989  1.0000 - - -
GRAPHN VP (Madhawa ct al., 2019) 0.426 0.948 L0000  0.831 0.992 0.582
GRF (Honda et al.. 2019) 0.734  0.537 L0000 (.845 0.66 (.586
GRAPHAF (Shi et al.. 2020) v 0.680  0.991 LOOOD  0.67 0.9415  (.8883
MOFLOW (Zang & Wang, 2020) v 0.680 0.991 LO000  0.8896 09853  0.9604
GRAPHCNF (Lippe & Gavves, 2021) 09635 09998  0.9998 - - -
GRAPHDF (Luo et al., 2021) v 0.8903 09916 L0000 08267 09762 09810
SMILES-TRANSFORMER 0.9558 09998 09946 09908 09629 0.6939

STGG (ours) v 0.9950 0.9999 09989 L0000 09676 0.7273
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