Steeri ng Protel n Fami

Profl e Bayesi a

Jingjing Gong* Yu Pei* Siyu Long* Yuxuan Song*
Zhe Zhang Wenhao Huang Ziyao Cao
Shuyi Zhang Hao Zhou WelYing Ma

& ( bcl mrcqgqg co:

Y B

Institute for Al lndu stry Research, Tsinghua University



Overvi ew

ASome Background
AProfl e Bayesian FIl ow N

AExperi mental Results



Protei n Language VS.

Reflection of structure and function Reflection of human inteligence

Spatial constraint Sequence

Left-to-right bias
Co-evolution Homology

Semantic meaning Human is an expert

Machine can be an expert

Protein Sequence Natural Language




Aut oregr\eS.sifdaeen or egr

Autoregressive

EVaQLlES Giv-= EFEvVvaQLl _ S GV -
A 1

ARI\/lodék)prot[ajzmg NARModdIloRr ot e

[1] Large language models generate functional protein sequences across diverse families. Madani et al.

[2] ProGen2: Exploring the Boundaries of Protein Language Models. Nijkamp et al.

[3] Biological structure and function emerge from scaling unsupervised learning to 250 million protein sequences. Rives et al.
[4] Evolutionary-scale prediction of atomic level protein structure with a language model. Lin et al.



Coeevoluti on I nfor mat

I
Single seq : With MSA - 60
I
| w2 081 3
-
I 0%
I - 40 &
| =
' %
I o
I __/_ we= MSA Transformer 20 ®
: = 2V ™
4 A 4 P : e ESM-1b
79 0 % (o}
oty Ty gy g : " —
2 o/d d? O/d : T =TT LN S R R | T
: 10° 10° 104
Multi-sequences are important for protein folding : MSA Depth
Comparison experiments conducted on CASP14, Top-L long-range contact precision comparison on
by ESMFold[1] 14,842 proteins conducted by MSA Transformer[2]

[1] Evolutionary-scale prediction of atomic level protein structure with a language model. Lin et al. [2] MSATransformer. Rao et al.



Mul-S$eguence Based

$ M P *
Mul-¢ eq
Autoregressive
AR 9 -
$ MV * $ MK * $ M H 1 * $ M p * Prompt
PoET[y, MSAGPT2

Masked query v Good quality but inefficient
FREEEEEEE Generated query

NAR ++___ —» [IIIIIIII11—> MSA as

MAEVLVIAEGL...
| nput s

EvoDiff-MSA



L1 ter at uifauee
M 3 p POET (2023) Y ProfileBFN (2025)

ProtMamba(2024) Evo-Diff-MSA (2023)

MSAGPT(2024) MSATransformer (2021)
AR NAR

ProtTrans (2019) ESM1-2 (2020,2022), ESM3 (2024)

ProteinBert (2022)

Progen 1-2 (2020,2023) DPLM (2024) B Repsentative

0 Generative
Single-Sequence



Overvi ew

ASome Background
AProfl e Bayesian FIl ow N

AExperi mental Results



Wh at Makes a MSA F

MS A MSA Profl e

A K : | K

FAGVNALY : - :

[ J g N 900000
LEGVNARA | ; cOO00000LO@®

- : L] 5 | NOOOO@OOO
KAGYNARY § A O@O@OOOO
'LALKNARL ; | YO@O0O@OO
'FEGVNALY | §

LLGVNARA § P = §:hx~m

X c {O,... ’K}nXm



MS A

ed View bet ween

e Sequence and

SAC
3000
3000080 O °*.*I
% o*o*oto OO0 o*o‘oto‘ YOC Yetetelele! 1o
+ .* ottt AOC o .0.0,‘.*.0.#.*.’.‘.‘."
YO0OOVO0OC OO00 o"‘io HOOO00O00
:oto Q000000000 o*o*oto O
OO 000
O YOO
O
Q00

< ECANDO T2 R TOTMON P
O

«

OO
OC)
2000

+::

¢

4ot
+o :+:*+>

:+. .
U

3
*. J
'+

+
7

..‘......‘.

Jofeletetstetels

o3

teletetetetetetetetetatetetsd:

00’0‘0‘0 D000 o*o*o"o‘o*- 3¢ 20C
0000000000000 00O00000000

0 20

0.0

1.0

0.0



Wh at

1 S t he

x z ~ q(z|x; w;)
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q(z|x)p(x; 0i-1)

p(x; 0;) =
Y 2xq(z10)p(x; 0;41)
Bayesian update through Bayesian rule
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Theorem 3.1. Given a discrete noisy channel q(z;|p;w;) = . ST wzp( ) where p, Z Py =

1,Vp, > 0 is a certain profile, with w? = (Zz/nl)/n (T )2d7' B(t fo T)Ydr(l > t >

0), u(7) > 0,V7, and 3(1) bounded, when n — +o0, the continuous time dzscrete Bayesian flow

is?
eY 6y
O|p:t) = [ o|0- i
pr(6lp;t) N (y|KB(t)p,B(t)C) ( ZkK:1eyk(90)’“)

Theorem 3.2. Given a discrete noisy channel q(z|p) = 122 +wp(z),p(z) = 52 4wpe(z),w > 0,
where p,>"_ pr = 1,VYp, > 0 is a certain profile, with nw* = 3 bounded,

. 1
lim nDxkr(q(z|p)|lp(z)) = §,BK||P¢ - plI? (7

n—-+oo

For a more general case where w(t) changes through time, with 3(t) = |, .

a w?(7)dr,1 >t >0, and
B(1) bounded, the limit of the KL divergence is:

. 1.,
lim nDxr(q(z|p:t)||p(z;t)) = 5P (t)K|lpp — pII? (8)

n—-+oo
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Results: Sampl i1l ng
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Figure 3: Sampling efficiency comparison. Pro-
fileBFN has a higher sampling efficiency com-
pared to its competitors.
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Resul ts: Profl e Be
Structure
Model
LRP@L{T LRP@L/21T LRP®@L/5T

Searched MSA 0.186 0.270 0.395
ESM-2 (150M) 0.086 0.116 0.167
ESM-2 (650M) 0.100 0.146 0.223
PoET-Single (201M) 0.025 0.028 0.031
PoET-MSA (201M) 0.036 0.042 0.051
EvoDiff-MSA (100M) 0.061 0.089 0.168
DPLM (150M) 0.093 0.147 0.284
DPLM (650M) 0.102 0.159 0.303
ProfileBFN-Single (150M) 0.126 0.197 0.321
ProfileBFN-Single (650M) 0.162 0.262 0.422
ProfileBFN-Profile (150M) 0.128 0.210 0.384
ProfileBEN-Profile (650M) 0.173 0.280 0.474
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Theor ems

Theorem 3.1. Given a discrete noisy channel q(z;|p:w;) = *52 + w,p(z) where p, > p, =
1,¥p: > 0 is a certain profile, with w? = f(i./_nl /(T )2 (17‘ B(t) = f(, pA(r)dr(l > t >
0), (1) > 0,¥7, and 3(1) bounded, when n — +0oc, the continuous time discrete Bayesian flow
I8:

4
pr(0|p:t) = E o (0 - % ) (6)

N(ylKB(t)p.3(t)C) Zk:l eyk(o())k

Where 8 is the accumulated information about the profile p. C € REXK C,. = K1,_; — 1, is the
covariance matrix of the multivariate Gaussian distribution. 6(- — @) is Dirac delta function that is
zero everywhere except at 6.

Where p € AR~ is a profile which can also be viewed as Probability Mass Function (PMF) with
K possible categories, this is the different part compared to vanilla discrete Bayesian flow (Eq. [3)).

Additionally, we derive the new loss function as below.

Theorem 3.2. Given a discrete noisy channel q(z|p) = 122 +wp(z),p(z) = )yw >0,
where p. " p. = 1,Yp, > 0is a certain profile, with nw? = 3 bounded,
; | S
lim nDxw(q(z|p)|lp(z)) = 5B8K|lpg — plI” (7)
n—-+oc 2
For a more general case where w(t) changes through time, with 3(t fo w(7)dr,1 >t >0, and

3(1) bounded, the limit of the KL divergence is:

1 .
lim nDxku(q(z|p:t)||p(z:t)) = -2-,z‘3'(t)1\ |lpe — PH2 (8)

n—>+4+0oo
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Appl i1 cati ons: Enzy

Table 2: Performance on enzyme tasks. We report the Accuracy X Uniqueness metric, complemen-
tary results can be found in Table[6] The results show that the enzymes generated by ProfileBEN are
likely to be considered as having corresponding functions.

Model P40925 1T Q7X7HO9 T QI5165 17
PoET-MSA 3.00% 33.3% 0.05%
EvoDiff-MSA 27:95% 88.69% 1.39%

ProfileBFN-Profile (650M)  95.19% 98.98 % 42.67 %




Appl il cations: Ant i

Model CDR-H1 CDR-H2 CDR-H3 CDR-L1 CDR-L2 CDR-L3
RAbD 0.2285 0.2550 0.2214 0.3427 0.2630 0.2073
DiffAb 0.6575 0.4931 0.2678 0.5667 0.5932 0.4647
AntiBERTy 0.7940 0.5932 0.4133 0.7208 0.3996 0.2758
AbLang 0.7039 0.7981 0.3207 0.5799 0.5513 0.3175
ProfileBFN-single  0.6766 0.6188 0.1946 0.5356 0.5873 0.3064
ProfileBFN-Anti 0.8227 0.7236 0.3343 0.6402 0.6156 0.4716

Table 8: Performance of Antibody CDR in-paint task ProfileBFN compared to baselines. The best
result 1s indicated in bold, while the second-best result 1s underlined.



Appl i catil ons: Fol d

Table 7: Using ProfileBFN to enhance AF2 performance by adding virtual MSAs, the results show

that ProfileBEN 1s capable of generating more appropriate MSAs for models such as AF2 compared
to the ground truth searched MSA and MSAGPT. All metrics are scaled from 0 to 100.

Model TMscore T LDDT 1T pLDDT 1

AF2-MSA 53.20 54.01 62.91

MSAGPT 53.72 55.59 66.38

ProfileBFN 56.84 95.72 67.04
T1033

TM-score = 0.385 TM-score = 0.617 TM-score = 0.842
pLDDT = 52.39 pLDDT = 53.10 pLDDT = 76.63



Representati on Lea

Table 3: Performance on various protein prediction tasks. ProfileBFN shows a strong understanding
of proteins. *: protein structure is provided. f: results are quoted from SaProt (Su et al.l 2023). Q:
results are quoted from DPLM (Wang et al.l 2024). o: results are reproduced by us using the official
code and data. Our model 1s compared with the ¢ version of the baseline models, if multiple versions

exist.

i Thermostability HumanPPI Metal Ton Binding ~ EC GO Degploe

0e MF  BP  CC  Subcellular  Binary

Spearman’s p ACC(%) ACC(%) Fmax Fmax Fmax Fmax ACC(%) ACC(%)

SaProt* f 0.724 86.41 75.75 0.884 0.678 0.356 0.414 85.57 93.55
MIE-ST* f 0.694 75.54 75.08 0.803 0.627 0239 0.248 78.96 91.76
ESM-1 (1B) f 0.708 82.22 73.57 0.859 0.661 0320 0.392 80.33 92.83
ESM-2 (650M) t 0.680 76.67 71.56 0.877 0.668 0345 0411 82.09 91.96
AR-LM (650M) © 0.638 68.48 61.16 0.691 0.566 0258 0.287 68.53 88.31
DPLM (650M) © 0.695 86.41 75.15 0.875 0.680 0357 0.409 84.56 93.09
DPLM (650M) © 0.698 77.77 70.52 0.881 0.659 0330 0.388 85.98 93.17
ProfileBFN (650M) 0.710 82.22 74.58 0.887 0.673 0.342 0.416 86.80 93.58
DPLM (150M) ¥ 0.687 80.98 72.17 0.822 0.662 0.328 0.379 82.41 92.63

ProfileBFN (150M) 0.701 78.88 77.74 0.874 0.672 0.341 0.394 82.73 93.52
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