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amino acid multiple sequence alignment
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Candidate issues of my previous work

 Contact V.S. distance/orientation
* Shallow network architecture
* Insufficient data usage

a. More input MSAs
b. More input decoys
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New developments in tFold contact prediction

2) Distance/orientation Prediction

&'@*"‘M Ultra-deep learning i W ===
@ . with attention
omR Gy

W

or 600+ NN
® layers

o (35 “JTB:I’\'U/:
oD @ el
- P C
cp c
0, <l
< d w ? e 0 QD
@ w v o

Distance -> J Zhu, S Wang, -, ] Xu*. Bioinformatics 34(13), (2018) Orientation -> ] Yang, -, D Baker?#. PNAS 117(3), (2020)



New developments in tFold contact prediction

2) Distance/orientation Prediction
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New developments in tFold contact prediction

2) Distance/orientation Prediction 3.1) Multi-DB based Distance Prediction

with Clustering and Ranking
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3.2) Template-based Free Modeling (TBFM)

refined distance

predlcted distance

[note]: the similar idea of TBFM first appears in J Xu¥, S Wang. Proteins 87(12), (2019)



ToplL Long Range Contact Precision

0.65
0.63
0.61
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0.43
041
0.39
0.37
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0.33
031
0.29
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1. Contact Prediction (2018 model)

3.2
31 > Further improvement

2. New Architecture of the Network

. 3.1 Multi-DB with Cluster and Rank
—> Outperforming SOTA

3.2 Template-based Free Modeling

thold 2019 2018
SOTA SOTA JYang, -, D Baker?. PNAS 117(3), (2020)



tFold: Distance/Orientation Prediction with SEResNet+2DAttention O
with a Multi-input Multi-task Scheme
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Ablation study of the Deep Learning model

a) Data construction:
Construct MSAs from multi databases

CASP13
Topl long range contact

b) Network architecture and loss design:

SE ResNet module Baseline model 51.32% ~ 2019 SOTA
2D Attention module Baseline + a) 53 670
Multi-task learning

Baseline + a) + b) 55.15%

Baseline + a) + b) + ¢) 56.37%

c) Training strategy:
« Progressive training strategy
« 600+ layer ultra-deep network



tFold-CaT: Multi-DB based Distance Prediction O
with Clustering and Ranking

Amino Acid Sequence
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tFold-CaT: Multi-DB based Distance Prediction O
with Clustering and Ranking

Engine: HHblits
Database: UniRef30

A variety of MSAs
Parameter; 1e-3, 5




tFold-IDT: Template-based Free Modeling (TBFM)

Template based Distance from initial
modeling model

Deviation prediction

A
2D branch
— — Refined distance
Amino Acid Sequence |
SPSSQGQHKHKYHFQK... = > xN Blocks >
« Co-evolution features
1D branch Local LDDT score
Sequential Features — | W —P) —» 010304050301 ..
(One-hot, PSSM, ..)

[note]: the similar idea first appears in J Xu#, S Wang. Proteins 87(12), (2019)
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tFold-IDT: Template-based Free Modeling (TBFM)
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The relationship between the decoy quality and
the distance prediction enhancement
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What goes right and why?

Group: --All-- ¥ Target: Ti043-D1 ¥ Contact Range: long ¥ List size: L

H1044 T1043 sequence

Seq. Length: 148 Depth of alignment: PSIBLAST - 1; HHBLITS - 1 Similarity of models (Jaccard distance)

I ]
# 4 Model 4 No Conts. +F1 4 Prec 4 Recall
1 T1043RR368 1-D1 143 46.930 47.300 46.670
2 T1043RR009 1-D1 148 46920 47.300 46.670
3 T1043RR4388 1-D1 143 44 970 45.270 44 670
4 T1043RRE183 1-D1 143 40.940 41.220 40.8670
5 T1043RRE351 1-D1 143 40.270 40.540 40.000 L Y
G T1043RE238 1-D1 148 25.500 25.680 25.330 '
7 T1043RR157 1-D1 143 8720 8.780 8.670 T1 043 MSA
g T1043RE326 1-D1 148 5.050 2.110 5.000

tFold series tFold

Predicted Distance

100

120

140




Group:

—-All--

Seq. Length: 148

L= =T A = N S A L )

%+ Model

T1043RR363
T1043RR009
T1043RR483
T1043RR183
T1043RR351
T1043RR233
T1043RR157
T1043RR326

T Target: T1043-D1

What goes right and why?

¥ Contact Range:

Depth of alignment: PSIBLAST - 1; HHBLITS - 1

1-D1
1-D1
1-D1
1-D1
1-D1
1-D1
1-D1
1-D1

4 No Conts.
143
148
143
143
143
148
143
148

tFold series

long

Similarity of models (Jaccard distance)

List size: L

H1044 whole sequence

$F1
46980
46980
44970
40940
40.270
25500
8.720

8.050

Predicted Distance

4 Prec
47.300
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40.540
25.680
8.780

2.110

tFold-CaT j;’

4 Recall
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44,670
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40.000 N )
25.330 Y

o T1043 MSA
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tFold

Predicted Distance Predicted Distance

tFold-IDT
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What goes wrong and why?

T1090-D1 0.6138 0.7831 0.7696 (0.0135)
{’.\ T1093-D1 0.0284 0.1631 0.2553 0.0922
T1093-D3 0.0566 0.6321 0.5566 (0.0755)
T1094-D2 0.6473 0.4541 0.5411 0.0870
T1096-D1 0.5569 0.3412 0.3765 0.0353
T1096-D2 0.4971 0.2164 0.4035 0.1871

ID TripleRes tFold-orig tFold-BFD diff No. Domains F1 Prec
T1027-D1 04343 03939 05152 01213 oy G Mo N0 | oo | atotal| o Submi

We didn’t use... T1029-D1 00560 00400 00320  (0.0080) P | #O ) ® Name ® submit | *Total| ®S0OMT| @ Tofal ¢ Submit. SO

B F D T1031-D1 0.3789 0.0632 0.2526 0.1894 1. 368 tFold-CaT_human | 22 22 41.153 41153 | 41.783 41.783

T1033-D1 0.1200 0.1400 0.1600 0.0200 2. 438 tFold-IDT_human 22 22 39.374 39374 | 40.504 40.504

T1037-D1 05767 0.4455 05347 0.0892 3. 010 TripletRes 22 22 39.282 39.282 |39.641 39.641

T1038-D1 02719 0.3070 0.3333 0.0263 4. 125 PrefarredFold 22 22 38.696 38.696 |30.440 39.440

T1039-D1 0.4596 00994 06149 05155 58 024 DeepPotential 22 22 38.286 38.286 | 38.586 38.586

T1040-D1 0.4000 0.0769 0.2000 0.1231 6. 00g tFold_human 22 22 36.821 36.821 | 38.056 38.056

T1041-D1 0.6901 0.6322 07107 0.0785 7. 183 tFold-CaT 22 22 35.465 35.465 |37.107 37107

Modern T1042-D1 0.4891 0.3225 0.5290 0.2065 a. 351 tFold-IDT 22 22 34774 34774 | 36.516 36.516

metagenomics T1043-D1 0.0473 0.2568 0.2568 0.0000 9. 238 tFold 22 22 33543 33.543 | 35.130 35.130
databases TI047s1-D1 04834 06256 06445 00189
T1049-D1 07388 08284 08284 00000
TI061-D2 07232 05867 07048 01181
l" ? T1064-D1 00652 00326 00543 00217
L J ’ T1074-D1 03864 02879 05758 02879

Average 0. 3964 0.3513 0.4477 0.0964

tFold-orig only uses metaclust50 (year 2018) as the metagenomics databases.
tFold-BFD adds BFD (year 2019) as the additional metagenomics databases.



What goes wrong and why?

N

T1042

ID
T1027-D1
T1029-D1
T1031-D1
T1033-D1
T1037-D1
11038-D1
T1039-D1
T1040-D1
T1041-D1
T1042-D1

T1061-D2
T1064-D1
T1074-D1
T1090-D1
T1093-D1
T1093-D3
T1094-D2
T1096-D1
T1096-D2

Average

tFold-orig
0.3939
0.0400
0.0632
0.1400
0.4455
0.3070
0.0994
0.0769
0.6322
0.3225
0.2568

0.6256

0.8284
0.5867
0.0326
0.2879
0.7831
0.1631
0.6321
0.4541
0.3412
0.2164

0.3513

tFold-BFD
0.5152
0.0320
0.2526
0.1600
0.5347
0.3333
0.6149
0.2000
0.7107
0.5290
0.2568

0.6445

0.8284
0.7048
0.0543
0.5758
0.7696
0.2553
0.5566
0.5411
0.3765
0.4035

0.4477

diff
0.1213
(0.0080)
0.1894
0.0200
0.0892
0.0263
0.5155
0.1231
0.0785

T1039 (BFD)

tFold-orig only uses metaclust50 (year 2018) as the metagenomics databases.
tFold-BFD add BFD (year 2019) as the additional metagenomics databases.



Take home messages

* Distance/orientation matters.
* Deeper and attention-based network works.
* Sufficient data usage will increase the robustness:

a. More input MSAs
b. More input decoys



Accurate De Novo Protein Structure Prediction
by tFold Server

https://drug.al.tencent.com/console/en/tfold

O iDI‘ug Protein Structure Prediction 4 | E Feedbach a . realbigws

) Protein $tructure Pr... Platein Structure Prediction
$+ Virtual Screening 1L
gn o
& Generative Chemistry
5 ADMET Prediction TAKINATe
© Input AminoAcid Sequence
Sequence B
Select File
Recent History all history
e Time Status Inique II
2020-11-23 223847 completed SVTEduAV PBSROSA de novo folding Check Delete
2020-11-23 22.36.57 prm——— 62URSFA5 PBSRDSA de novo folding Check Delete
020-11-16 14:26:12  completed dbwey2Kh it Check Delete
2020-11-12 22 ete TJ2eVktl PBSROSA de nova prediction Check Delete
2020-11-12 19:25:24 complete poxMecPe protein test Check Delete
2020-11-10 19:05:34 completed vrvjiwgs PUSRDS5A test2 Check Delete
020-11-07 14:10:39  compleled BikGXjnv test21 Check Delete
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From MRF to Distance




Excellent performance of tFold Server on CAMEO

CAMEO weekly rankin —
y g Average
X . i Avg Targels IDDT @
Server Name IELEE
e time @ #Modeled
| e Sl (hh:mmiss)  #Submitted  #Modeled  #Submitted  Oligo @ Al Modeled
Start Comparison - a- - Oligo - ~ = P
tFold a 67:43:39 12 12 25 0 AT
BestSingleStructuralTemplate n 02:34:29 12 il 25 0 428 467
Robetta o | 341836 12 12 25 15 382 382
INFOLD5-TS | 43:2543 12 M 25 0 355 387
INFOLD3-TS o | 34:42:34 12 12 25 0 334 | 334
SPARKS X a8 02:15:58 12 12 25 0 311 311
RaptorX a8 16:17°44 12 10 25 0 295 354
INtFOLD4-TS a 545241 12 9 25 0 %5 353
—Serverl9 —Robetta —SwissModel —RaptorX —tFold SRS ETEL B oo . " 25 1 202 | &3
PRIMO a 00:27:04 12 8 25 0 178 267
| -
»
» 6-months - [2020-05-22 - 2020-11-14] - "All targels” dataset Targels = » 3-months - [2020-08-21 - 20 All targets” dalaset Tal
Average Avere Average
Avg Targets IDDT @ CAD- Avg Targets IDDT @
Server Name (R LIEE S aTTE response
) time € #Modeled o time @ #Modeled
= Common suh_set - (hh:mm:ss) #Submitted #Modeled #Submitted Oligo & Al Modeled Al - Common 5“"?“ - (hh:mm:ss) #Submitted #Modeled #Submitted Oligo e Al Modeled
Start Comparison . o- N Oligo @ ~ =~ o - - Start Comparison - [ ~ Cligo @ ~ ~ = ~

tFold a 631821 84 84 133 0 573 573 617 tFold | 591617 42 2 76 0 555 555
sesisinglestucrarempizie [ 0345:03 84 78 133 0 471 507 515 Bestsinglestructurafempiate [ 031003 a2 38 76 0 469 518
Robetta a8 31:26:44 84 82 133 79 457 489 53.9 Robetla | 29.58:37 a2 22 76 47 466 466
INFOLD5-TS | 44:15:28 84 79 123 0 404 | 429 48.2 INtFOLD5-TS | 39:26:14 42 2 7% 0 414 | 424
IntFOLD3-TS n 32:44-48 84 84 133 0 385 385 488 INtFOLD3-TS u 32:26:40 42 42 76 0 378 378
SWISS-MODEL a 00:04-28 84 79 133 80 200 | 309 336 Raptorx g 14:58:13 42 38 7% 0 373 | 412
INFOLDA-TS a8 62:37:28 84 57 133 0 284 | 419 339 INFOLDA-TS | 56:41:27 42 33 76 0 330 | 419
Raptorx o | 18:24:48 34 54 123 0 270 | 420 336 SWISS-MODEL | 00:04:43 a2 39 75 45 271 292
SPARKS-X u 05.03:24 84 89 133 0 69 327 37.8 SPARKS-X n 05:40:16 42 27 7% 0 214 334
BRIMO_HHS GL o] 004504 81 73 133 a 215 | 247 28.2 PRIMO_HHS_CL a8 00'51:16 a2 35 76 0 213 255
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