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Abstract

Antibody design is an essential yet challenging
task in various domains like therapeutics and
biology. There are two major defects in cur-
rent learning-based methods: 1) tackling only
a certain subtask of the whole antibody design
pipeline, making them suboptimal or resource-
intensive. 2) omitting either the framework re-
gions or side chains, thus incapable of capturing
the full-atom geometry. To address these pitfalls,
we propose dynamic Multi-channel Equivariant
grAph Network (dyMEAN), an end-to-end full-
atom model for E(3)-equivariant antibody design
given the epitope and the incomplete sequence of
the antibody. Specifically, we first explore struc-
tural initialization as a knowledgeable guess of
the antibody structure and then propose shadow
paratope to bridge the epitope-antibody connec-
tions. Both 1D sequences and 3D structures are
updated via an adaptive multi-channel equivari-
ant encoder that is able to process protein residues
of variable sizes when considering full atoms. Fi-
nally, the updated antibody is docked to the epi-
tope via the alignment of the shadow paratope.
Experiments on epitope-binding CDR-H3 design,
complex structure prediction, and affinity opti-
mization demonstrate the superiority of our end-
to-end framework and full-atom modeling.

1. Introduction

Antibodies are a family of Y-shaped proteins in immune
systems that binds to pathogens, commonly called antigens,
with specificity (Raybould et al., 2019). Antibody design for
target epitopes on the antigen exhibits tremendous potential
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Fi:gure 1. Our end-to-end full-atom antibody design. By contrast,
current computational methods resort to the multi-stage solu-
tion: e.g., IgFold (Ruffolo & Gray, 2022) for structure predic-
tion, HDock (Yan et al., 2020) for docking on the target epi-
tope, MEAN (Kong et al., 2022) for binding CDR generation,
and Rosetta (Alford et al., 2017) for side-chain packing.

and necessity in therapeutic and biological research (Tiller &
Tessier, 2015; Almagro et al., 2018; Yuan et al., 2020). Nev-
ertheless, the task is challenging because the complementar-
ity determining regions (CDRs), where the binding mainly
occurs, are highly variant, and the underlying regularity of
antigen-antibody interactions is arduous to unveil. The past
decade has seen the application of traditional energy-based
optimization (Li et al., 2014; Adolf-Bryfogle et al., 2018),
learning-based language models on the 1D sequence (Liu
et al., 2020; Saka et al., 2021), as well as recent deep gen-
erative methods to co-design the CDR sequences and 3D
structures simultaneously, exhibiting appealing superiority
over conventional sequence-based approaches. (Jin et al.,
2021; Luo et al., 2022; Kong et al., 2022).

Despite the impressive progress, current computational mod-
els are still incapable of fulfilling the real need for anti-
body design. In most practical cases, we only know the
3D structure of antigen with the target epitope and the 1D
incomplete sequence (without CDRs) of antibody. To ad-
dress this ill-posed task, a potential computational pipeline
includes: structure prediction (Ruffolo & Gray, 2022),
antigen-antibody docking (Yan et al., 2020), binding CDR
generation (Jin et al., 2022; Luo et al., 2022; Kong et al.,
2022), and side-chain packing (Alford et al., 2017), as illus-
trated in Figure 1. Existing works can solve each local prob-
lem separately, but lacks the mastery of the global picture,
making them suboptimal. Conducting wet-lab experiments,
such as obtaining the antigen-antibody complex structure
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from cryo-electron microscopy, somehow bypasses this sulstructure co-design methods and their superiority over previ-
optimality, yet is much more costly and laborious (Carter,ous methods (Jin et al., 2021; 2022; Luo et al., 2022; Kong
2006). Therefore, the de ciency of both computational et al., 2022). However, they are limited to certain stages
pipelines and experimental methods poses an urgent need pipeline-based antibody design. For example, Jin et al.
for a computational end-to-end solution. (2021) generates the CDRs on a single chain, and Luo et al.
(2022); Kong et al. (2022) Ilin the CDRs given a docked

Furthermore, the full-atom geometry is critical for depicting complex. demandina hard-to-obtain prerequisites. Jin et al
the interactions within the antigen-antibody complex (Foote plex, 9 P d . '

& Winter, 1992; Jones & Thornton, 1996). Current works (2022) attempts to generate and dock CDR-HS simultane-

usually model the backbone atoms only (Jin et al., 2021_ously on the local binding interface. Nevertheless, it suffers

; . ! . .“from the inef ciency of the distance-based initialization,
Kong et al., 2022), or simply consider the orientation of side . ; . .
chains (Luo et al., 2022). Although Jin et al. (2022) makesthe hlerarchlt_:al encoding, _ano_l the autore_gresswe re n_ement
an initial attempt to incorporate all side-chain atoms into (see Appendix G), preventing it from scaling to the entire an-

. . . . . _tibody. Distinct from the above works, we directly generate
hierarchical graph, it suffers from ef ciency problems and is : ) :

. . X the complete complex given the epitope and the incomplete
obliged to omit all other components of the antibody exceptSe uence in an end-to-end and full-atom manner
CDR-H3 (see Appendix G), leading to incomplete context d '
modeling and thus inaccurate design. Full-atom geometrProtein Docking Generally, protein docking predicts the
of the entire antibody has a much larger scale and demandicked complex of two proteins given their unbound struc-
a computationally more ef cient and effective model. tures (Kozakov et al., 2017; Yan et al., 2020; Ganea et al.,
2021). While they require the structure of both proteins in

To address the above two issues, we propdyggamic .
M ulti-channelEquivaraint gAph Network (dyMEAN) as advance, our work simultaneously generates the structure of
.the antibody and docks it to the antigen. Another difference

an end-to-end and full-atom solution. Compared to previs

. . lies in the prior knowledge of the binding regions on the
ous works (Luo etal,, 2022; Kong et al,, 2022), we directly ntigen and the antibody.€., the epitope and the paratope).

tackle the end-to-end problem where only the epitope an(%nly certain epitopes on the antigen constitute meaningful

the mcqmplete 1D sequence are k_nown n advgnce (qu;argets in therapeutics (Yuan et al., 2020), and the paratope
ure 1), in contrast to previous multi-stage solutions. We

. L mostly comes from CDRs, especially CDR-H3 (Kuroda
explore knowledge-guidestructural initializationbased on . . .
. et al., 2012). Therefore, antibody docking mainly focuses
conserved residues and propabadow paratopéo cap-

ture antigen-antibody interaction that is invariant to their®" the local binding interface, while many protein docking

initial orientations and positions. The 1D sequence and thénethoOIS (e.g., EquiDock, Ganea et al,, 2021) assume no

3D structure are updated iteratively viaataptive multi- prior knowle_dge Pf thg €p itope and the paratope, making
o them suboptimal in this situation.
channel message passijnghich favorably tolerates the
variance in the number of channel®( atoms) in different  Equivariant Graph Neural Networks Equivariant graph
residues, when considering full-atom geometry. We nally neural networks are designed with the desired inductive
achieve epitope-antibody docking through the alignment obias that the results should not rely on the view of observa-
the shadow paratope. The network also conforms to E(3}ion, namely E(3)-equivariance. With increasing availabil-
equivariance, which is a critical property exhibited in 3D ity of 3D data, abundant equivariant neural networks have
biology (Kong et al., 2022). Experiments on epitope-bindingemerged (Thomas et al., 2018; Gasteiger et al., 2020; Fuchs
CDR-H83 design, complex structure prediction, and af nity et al., 2020; Satorras et al., 2021). Our work is closely
optimization demonstrate the superiority of our end-to-endelated to the multi-channel equivariant graph networks

framework and full-atom modeling. proposed by Kong et al. (2022), where each residue node
has multiple coordinates (i.e., channels) referring to differ-
2. Related Work ent atoms. We propose a more powerful version of multi-

Antibody Design Conventional computational methods channel equivariant message passing, which is adaptive to

commonly optimize sophisticated energy functions designed® vVariable number of channels in full-atom modeling.

by domain experts (Li et al., 2014; Adolf-Bryfogle et al., 3. Notations and De nitions

2018), or train language models on the 1D sequences (Liu

et al., 2020; Saka et al., 2021; Akbar et al., 2022). Energy-

based methods suffer from the insuf cient expressive power

of the statistical energy functions (MacKerell Jr et al., 2002;

Leaver-Fay etal., 2011), and Ianguage_ models are SUbOpEfgure 2 Variable domains in the heavy/light chaid{( / V. ).

mal due to the lack of structural modeling. More recently,

the community has witnessed the emergence of sequendeprotein comprises one or more long chains of amino acid
residues. An antibody is a Y-shaped symmetric protein
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Figure 3.0Overall architectureStructural initialization (8§ 4.1): obtaining the initial hidden vectdr, and coordinate matriX ; for
the antibodyAttaching shadow paratope(§ 4.2): attaching a clone of the paratope around the epitope, wheseshared, but the
coordinates are private for the shadow paratope and the nativeen¥,s v.s. X p . Adaptive multi-channel encoding(8 4.3): updating
hi andX ; by multi-channel message passing, where the full-atom geometry is charact&wdng (§ 4.4): Aligning the native
paratope to the shadow paratopeediction (8§ 4.4): outputting the amino acid type of each residue in the paratope.

with two identical sets of chains, as illustrated in Figure 2Task De nition The residue vertices of the paratope
Each set contains a heavy chain and a light chain, either aire denoted a¥p, clearlyVp  V ao. Given an epi-
which consists of several constant domains and a variablope Gz (Ve ; Ez) and an incomplete antibody sequence
domain. As their names suggest, the constant domains keés;ji 2 Va;i 2 Vp g, we aim to design a model that simul-
unchanged across different antibodies; while the variabléaneously generates the 1D sequence of the paratope as well
domain varies to enable different binding speci city for as the entire 3D structure of the antiboda ; Ea) binding
different antigens, making it the main focus of antibodyto the epitope, namels;ji 2 Ve gandf X ijv; 2 Vag.
design. We denote the variable domains of the heavy chain

and th_e I_ight chain bVH an_dVL, respec?ively. The variable 4. Our Method: dyMEAN

domain is further divided into alternating arrangements of

four framework regions (FR9nd threecomplementarity The overall work ow of our dyMEAN is presented in Fig-
determining regions (CDRs)The binding regions of an ure 3. During the calculation in dyMEAN, each vertex in
antigen and an antibody are calledepitopeand aparatope  epitope graphG:, antibody graphG,, and paratope sub-
separately. In this paper, the paratope refers to CDR-H3 igraphG (G- G a) is associated with an invariant vector
the heavy chain following Jin et al. (2022), since it is highly h; 2 RY and an equivariant coordinate matix 2 R® © .
variable and dominates binding (MacCallum et al., 1996). In form, theoverview of dyMEAN is given by:

We describe the epitope of the antigen and the variable Ga = SI(fsiGiav,iave )il 2Va; (2
domains of the antibody as the grapBs(Ve; Ez) and Gs = SRG:;Go) 3)
Ga (Va; Ea), whereVe andV, refer to the verticesi.g, v . . )

the residues)E: andEa are edges. Each residugis hi; X = AME.(GEyGS.,GA)J 2VE[Vs[Va: 8
represented by its amino acid typeand a multi-channel pi = Predicthi);i 2 Vp; (5)
3D coordinate matrixX ; 2 R® ¢, wherec; denotes the Xi = Dock(Ga; Gs);i 2 Va (6)

channel sizei,e., the number of atoms in. Notably, pre- o o
vious studies (Kong et al., 2022) only consider backboné{Vhere’SI (a.k.%)structural initialization) r(g)t initializes the
atoms for each residue, and the coordinate dimension fgoordinatesX ™ and the hidden statdg ™ for the anti-
constant:c, = 4. This paper models the full-atom geom- body graphGs , based on the the incomplete antibody se-
etry by further involving side chains, henceis distinct ~ duénce; with the initialized parato@® , SP(a.k.a.shadow
for different residues. The edges are constructed by ndingP@ratope) attaches a shadow parat@pawhich shares the
thek-Nearest Neighbors (kNN) of each residue, using th 'dden states with the native one, to the.epl.t®ecreat.|ng
minimum pair-wise distance between all atomsjimndy;: 20Nt graphGe [Gs. SP is crucial in bridging the epitope
and the antibody for docking. TheAME (a.k.a.adaptive
oy - . Gy N multi-channel encoder) iteratively updabes andh; for all
dlviivi) = 1p rpil;rll a g IXiGp) o X Gz (1) vertices by message passing; nally, Eq. 5 predicts the distri-
bution of amino acid typeg; for each paratope residue, and
whereX ; (:; p) returns thep-th atom inX ; andX i(:; ) is  Eq. 6 docks the antibodg, towards the shadow paratope
similarly de ned. Inspired by Kong et al. (2022), we insert Gg, leading to the binding complex structuxg .

three global nodes into the heavy chain, the light chain, an?Ne will introduce the functions o8l SPandAME in § 4.1,

the epitope, respectively, connecting to all nodes in thei . .
own chains. Besides, the global nodes of the heavy chai§4.'2. and§ 4.3, respectl\(ely. The details of Eq. 5, Eq. 6, and
training losses are provided §4.4. An elegant property of

and the light chain are linked to each other.
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dyMEAN is that its predicted paratope sequence is invarianThe coordinates are further normalized to conform to the
and the binding structure is equivariant, with respect tostandard Gaussian distributidh(0; 1 ), by conducting 3D
the E(3) transformations (rotations/re ections/translations)mean translation and 1D variance normalization (all dimen-
making it well generalizable to different poses of the targetsions of all antibodies share the same normalization factor to
epitope. We will mathematically reveal this pointin § 4.4. ensure consistent scale). After obtainXIéO) , We construct

the kNN edges fo6, via the distance de ned in Eq.1.
4.1. Structural Initialization with Conserved Residues

. . . . 4.2. E(3)-Invariant Attachment of Shadow Paratope
The input antibody sequenés;gj,y , .izv, involves nei-

ther paratope information nor the 3D geometry. Given suctWe attach a clone of the paratope around the epitope, which
fragmentary information, this subsection investigates oris calledshadow paratopelt serves two crucial purposes in
how to attain desirable initialization for bot{” andx . our end-to-end framework: (1) Transmitting E(3)-invariant
o © _ o _ information between the epitope and the antibody, by shar-
Initializing hi We derive the initial embedding of each ing the hidden statels; and the same topology with the
node via its amino acid typg and position numberi in  native paratope; (2) acting as the key points that will be used
an numbering systene.g, IMGT (Lefranc et al., 2003):  for the docking between the antibody and epitope, which
hi(o) = f(si;ri) = fs + fr,, wherefs, andf,, dene  will be detailed in§ 4.4. One promising property of our
the learnable amino acid embedding and position embedhadow paratope attachment is that its 3D coordinates and
ding, respectively. For the unknown paratope residue, wenal docked structure are independent of the initial posi-
represens; by a special typgMASK] . tion of the antibody, since it only exchanges the invariant

information {.e,, h; notX ;) with the native paratope.
Initializing X i(c)) We have the domain knowledge that the { ! ) P P

FRs of the antibody are well conserved (Klein et al., 2013)The shadow paratope subgrapl@is = ( Vs; Es). Here,Es

in spatial variation. It inspires us to rst detect the well- contains two parts: internal edges copied from the connec-
conserved residues in FRs and then apply them to sketdions between residues in the native paratope, and external
the positions of other residues. While it is challenging toedges linked to the epitope. Far 2 Vg;v; 2 Vs, the
directly locate the conserved residues by comparing théxternal edges are constructed based on the kNN distance:
residue-wise coordinates, we resort to the comparison of

1D sequences, which innately re ects the 3D spatial similar- dvisvi) = e(hish)+  o(hj;hi); (7)

ity (Jumper etal., 2021). To do so, we rst align the antibody here . is a Multi-Layer Perceptron (MLP). The hidden

sequences in the dataset via a certain antibody numberir& . ; )
system €.g, IMGT). Then we consider a residue as well- ctorh; of Gs is duplicated from the native paratope, and
; the coordinateX ; are initialized around the center of the

conserved if its type is consistent among ab®s&6 of the . . e :
antibodies the analysis of different thresholds is provided ircPitope according to standard Gaussi(D: 1)". Gs is

Appendix I). Next, we align all the antibodies by the back_merged into the epitope grai , creatingGe [Gs.

bone (i.e.N; C ;C;O) coordinates of these well-conserved ] ] o

residues via Kabsch algorithm (Kabsch, 1976), and calculaté-3- Adaptive Multi-Channel Equivariant Encoder

the average backbone coordinates of these residues, leadifgg is able to handiéX ; of different channel size, in order

to the backbone templafeZ, 2 R® “jr; 2 Wg, whereW {5 consider full-atom geometry by involving side chains
collects the position numbers of the detected well-conserveggsjges backbone atoms. This is why we call AME adap-

residues. In our experiments, we identify 16 such residues igye. Thel-th layer updates the hidden vector and the
the heavy chain and 18 in the light chain. The backbone cQgordinate matrix ; as follows:

ordinatesZ; of other residues in the same chain are valued

in this way: (1) for the ones between two nearest conserved 0. () Tr(X i(') - X j('))

residues in position number, we linearly interpolate their mij = m(hi’ihi; - ORVIONT ); (8)
positions with uni ed spacing; (2) for those located at both ITe(X 5 X )le +

ends of the chain, we conduct outwards linear-interpolation _ o 1 Xi N _
from the nearest conserved residue with the same interval ~ Xi = Ts(Xi{7 — X7 K) (M )); (9)
used in the nearest pair of the residues computed in (1). k=1

More details are provided in Appendix & is then ex- hi(”l) = h(hi('); o gy M ); (20)
tended toX i(0) by lling -carbon's coordinate in the side 1J &

chains . We emphasize the signi cance of this knowledge- X i(|+1) =X i(') +

able initialization, which provides vague but essential guess

of the antibody structure. The coordinates of the epitope have been normalized to
N (0; 1) beforehand in a similar way to the antibody in § 4.1.

NG i < (1)
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where, m; x: n are MLPsN (i) denotes's neighbors, 4.4. Prediction, Docking and Training Losses
mj andXj are non-geometric and geometric messages, re- . . .
spectively; the geometric relation extracigy and geomet- %redmtlon With the output by AME, we leverage the

ric message scaldis are for processing message betWeenprogressive full-shot decoding strategy from Kong et al.
two distinct-shape matricéé; 2 R® & andX; 2 R® © ; (2022) to generate the 1D sequence and the 3D structure
I ] ’

the output ofTs is normalized with Frobenius norm follow- overT iterations. To be speci c, each iteration updates the

ing Huang et al. (2022), plus a constant 1 for numerical hidden states and the coordinates for all vertices:
stab_ility: Below are the details dfz and_Ts, and how infor_- fhi(t);x i(t)g = AME(fhi(t 1);X i(t 1) 9): (14)
mation is exchanged between the epitope and the antibody.

We predict the amino acid type of the paratope vbiﬂ’?, :
Geometric Relation Extractor Tr  GivenX; 2 R3 G
andX; 2 R &, we rst compute the channel-wise dis- pi(t) = Softmax( p(hi(t)));i 2Vp; (15)
tance between each pair of the channelXinand X :
Dj (p;a) = jiXi(;p)  Xj(;djj2. Then, we employ
two learnable weightsy; 2 R% ! andw; 2 R% !to
characterize the channel-wise correlatiolif , and two
learnable attribute matricés; 2 RS 4 andA; 2 R ¢
to extract useful patterns across each channel and outpwhere the embeddinig(s;;ri) = fs + fr,, qisan MLP,

dimension (further details in Appendix B). The nal output n_ is the number of amino acid types, apﬂj) returns the

" d d; H .
Rj 2R “isgivenby: j -th element obi(t). The second line aims at performing
Rj = A7 (wiw; Dj)A;: (12)  soft smoothing of the embeddings with the predicted proba-

- (t) .
Clearly,R; keeps the same shape regardless of the chanddlity Pi - Compa(rtt)ad _W'th MEAN (Kong et al.,_ 2022), j[he
in ¢ or ¢, namely static-dimensional inputs for, and . memory term 4(h;"’) is extra added for better information
reservation, which will be ablated in our experiments.
Geometric Message Scalefs The main purpose ofs The newh™®

. i . : M along withx ! from Eq. 14 will be used
is to generate geometric messages by scaling the input . ; . . .

. 3 o . as the input for the next iteration. After each iteration, we
coordinatesX 2 R° ° with the non-geometric message

s= x(mj) 2 RC whereC is the upper bound of the recreate the edgés ; Ea; Eshby calculating ;?ge dlstart]r:tc)e in
channel size. In detaills (X ;s) is calculated by: Eq. 1and Eq. 7 based on the current val¥es' andh;.

where , is an MLP. The hidden states are refreshed as:

Bsisri) + a(h); i 2Vp;

h{t) = . 16
' o (ssr)+ a(hY) P2 Ve (16)

X %=X diag(s9; (13)  Docking After the nal iteration, we align the pose of
wheres®2 RC is the average pooling afwith the window the native paratope with the shadow paratope via Kab-
sizeC ¢+ 1 and stridel, diag( ) returns the matrix with sch _algorithm (Kapsch, 1976). The docked coordinates
the input vector as the diagonal elements, and thus the outpfit<iiVi 2 Vagare given by:

o :
X “shares the same shape with O:t = Kabsch(f X i(T)ji 2Vpg fX i(T)ji 2Vsg): (A7)

Information Exchanging betweenG: and Gy Although X5 = QX i(T) +t;vi 2Va; (18)
the epitope graple: and the antibody grapB. are discon-
nected, their information is exchanged via the hidden stat
of the shadow paratop®;. In particular, we rst conduct . )
1-layer AME onGs and copy the hidden vectons from Loss Function The loss function sums up the three parts:
the native paratop€ to the shadow paratop®. Then, S€QuUeNce 10SEseq structure loss st and docking loss
we carry out 1-layer AME ol [ G s and copy the hidden L gock- The cro§s—.entropy Ios§e |s_ut|I|zed to guide the
vectors reversely frors to Go . The above two stages are S€duence prediction at each iteration:
alternated untiL layers. We additionally run 1-layer mes- 1 X 1t X

i broadcast the updated informati Lseq= = wpipD): 9)
sage passing .oGA to broadcast the updated information 9T TiVe] t=1 iave i Pi
across the entire antibody.

cwhereQ 2 O(3);t 2 R3, andO(3) is the orthogonal group.

. . o _ o For structure supervision, we exert Huber loss (Huber, 1992)
Nicely, Tr is E(3)-invariant, Ts is O(3)-equivariant, and  on the coordinates of the nal iteration. As suggested by
the information exchanging betwe€a andG is E(3)-  Kong et al. (2022), Huber loss maintains numerical stability

invariant, therefore for the nal outputs of AMHE,; is E(3)-  for noisy data (further details in Appendix E):

invariant andX ; is independently E3)-equivariant (Ganea X
et al.,, 2021)w.rt. G: [Gs andG,. Such property will coord = i * hubed X i(T);X i?); (20)
permit E(3)-invariance of dyMEAN stated in Theorem 4.1. VAl viava

5
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whereX ? denotes the ground-truth coordinates aligned toepitope, which is suf cient to include all binding residues
X 1) by Kabsch algorithm. Since our method generates thén the antigen (Shan et al., 2022).
structure of all atoms, we further supervise bond lengths 1%ice there is no previous method for end-to-end full-

capture the local geometry: atom antibody design, we implement each subtask of
1 X . - the whole pipeline (structure predictiprdocking CDR
L bond = B e hube BT 1°); (21)  generatioh side-chain packing) with existing competitive
approaches. For antibody structure prediction, we select the
whereB contains all chemical bonds in the antibotly;)  Of cial implement of IgFold (Ruffolo & Gray, 2022) that
andl’ denote the bond length derived frqu(T) andthe I1s2@ specialization of AlphaFold (Evans et al., 2022) for the

ground truth, respectively. The structure loss is the sum ofmt'bc’dy domalr_L F_or dOCk'ng_’ we Ieveralg_@ock (Yan
the above two 1055e& crust = L coord+ L bong et al., 2020), which is a prevailing model with knowledge-
struct — coor ona-

o _ _ based scoring functions. For CDR generation, the following
For docking, itis suf cient to supervise the shadow paratopepaselines are implemente®&osettaAb (Adolf-Bryfogle

by the coordinate loss and the external distance loss: et al., 2018) searches for the optimal sequence and structure
1 X guided by statistical energy functiofrdEAN (Kong et al.,
o= —— " hubel( X i(T) X7 (22) 202_2) g_enerates b_oth 1D sequences a_md 3D structures with
IVs]  i2vs equivariant attention graph networkBiffab (Luo et al.,
1 X X . 9 ) 2022) is a diffusion-based generative model and has consid-
L dist = Ve Vs hube @ (U; v); d”(U; V) ered side-chain orientations. To further involve side chains,
t=1 U2Ve v2Vsg we use Rosetta (Alford et al., 2017) to cope with side-chain

(23)  packing, which is also a built-in step of RosettaAb. Be-
whered® de ned in Eq. 7 computes the external edge sides, we implemerntiERN (Jin et al., 2022) that needs
distance at-th iteration andi” is the ground-truth distance. no external structure prediction, docking, and side-chain
The docking loss becomeliyoek = Lsp+ Laist: packing but is unaware of framework region modeling and

inef cient in autoregressive generation of all atoms. Further
We now demonstrate an elegant property of our dyMEAN: g g

o o ; 0 o implementation details are deferred to Appendix F.
it is E(3)-equivariant with respect to the initial position and P PP

orientation of the epitope. 5.1. Epitope-binding CDR-H3 Generation

Theorem 4.1. Given the initial epitope (along with )
the shadow paratopefhi;Xigov.v s and the ini- The experiments here test the central goal of end-to-end

antibody design, as illustrated in Figure 1. As CDR-H3 is
the most variant region among all CDRs and largely deter-
_ 0. ) mines the binding speci city and af nity (Raybould et al.,
dyMEAN fhi;Xigavev s:fhi7 X7 giav, - We  20109), we consider it as the paratope to be generated. We
immediately have the conclusion thatyMEAN is  also provide the analysis for designing multiple CDRs as
E(3)-equivariant. Namely, for any transformations well as the entire antibody in § 6.

g 2 E@3), we havefpigiy P((’,)f % XEO%' 2Va We use the following metrics for quantitative assessment:
dyMEAN fhijg XiGiovev :Fhi” % X {7 giav, Amino Acid Recovery (AAR) is de ned as the overlap-
whereg X = QX + t for orthogonal transformation ping ratio of the generated sequence and the ground truth;
Q 2 O(3) and translation transformation 2 R3. CAAR (Ramaraj et al., 2012) computes AAR restricted

. . . ) ) ] to binding residues whose minimum distance from epitope
The proof is provided in Appendix C. This theorem is Cru-asiques is below 6.8; TMscore (Zhang & Skolnick, 2004:
cial, as it tells that our dyMEAN is well generalizable to y, Zhang, 2010) measures the global similarity between
arbitrary orientation and position of the epitope as well aSne generated structure and the ground truth in tern@ of
the initialized antibody, and it is thus data-ef cient. coordinatestocal Distance Difference Test (IDDT)(Mar-

iani et al., 2013) contrasts the difference of the atom-wise
5. Experiments distance matrix between the generated structure and the
] ~ground truthRMSD calculates the Root Mean Square De-

We conduct experiments on the three tasks: (1) Epitop&jiation regarding the absolute coordinates of CDR-H3 with-
binding CDR-H3 generatior§(5.1); (2) Complex structure i Kabsch alignmenDockQ (Basu & Wallner, 2016) is
prediction § 5.2); (3) Af nity optimization (§ 5.3). We 5 comprehensive score for the docking quality. Both TM-
also try designing binders on general proteins and providg.gre and IDDT range from 0 to 1 and are invariant to E(3)-

the results in Appendix L. Following Kong et al. (2022), yransformations of the antibody structure, while RMSD and
we extract the 48 residues closest to the antibody as the

tialized antibodyfhi(o) ; X i(o) Oizv,, we compute the
nal prediction and docking by pigiov, ;f XiGiav, =

6
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Table 1.Results of epitope-binding CDR-H3 design on RAbD.
Methods with superscript adopt the pipeline: IgFoljl HDock
) CDR generation) Rosetta side-chain packing.

Generation Docking
AAR" TMscor¢' IDDT" CAAR" RMSD# DockQ'

RosettaAb 32.31%  0.9717 0.8272 14.58% 17.70 0.137
DiffAb 35.31% 0.9695 0.8281 22.17%  23.24 0.158
MEAN 37.38%  0.9688  0.8252 24.11%  17.30 0.162

HERN 32.65% - - 19.27% 9.15 0.294

Initialization - 0.5072 0.2998 - - -

dyMEAN  43.65% 0.9726  0.8454 28.11% 8.11 0.409

Model

Figure 4.Complexes (pdb: 1ic7) generated by our dyMEAN

DockQ focus on the docking quality and are sensitive to th‘?Docsz 0:971) and MEAN (DockG= 0:046)

relative position of the antibody to the epitope.

We train all models on the Structural Antibody DatabaseAS there is no need for CDR generation, the pipeline-based
(SAbDab, Dunbar et al., 2014) retrieved in November 2022Method is reduced as: IgFgldidock) Rosetta. To better
and assess them with the RAbD benchmark (Adolf-Bryfogledepict the effectiveness of our method, we also implement
et al., 2018) composed of 60 diverse complexes selectelffe docking version of HERN in two considerate ways: (1)
by domain experts. We split SAbDab into the training andtaking input as the backbone structure predicted by IgFold,
validation sets with a ratio @ : 1 according to CDR-H3 HERN outputs the docked backbones, followed by Rosetta
clusters as suggested by Jin et al. (2021); Kong et al. (2022%r side-chain packing; (2) taking input as the ground-truth
Each cluster is formed by antibodies sharing above 409gntibody structures, HERN docks CDR-H3 along with other
CDR-H3 sequence identity calculated by the BLOSUMs62regions towards the epitope. We train all models on SAbDab
substitution matrix (Henikoff & Henikoff, 1992). The an- with the training-validation ratio of 9:1 and evaluate on the
tibodies in the same clusters as the test set are dropped st set (51 antigen-antibody complexes) used in IgFold
maintain a convincing generalization test. We implementaper (Ruffolo & Gray, 2022) to avoid any potential data
the clustering process with MMseqs2 (Steineggerigiieg, €akage when applying IgFold during testing.

2017) and the numbers of antibodies (clusters) in the trainResults Table 2 reads that dyMEAN surpasses all other
ing and the validation sets are 3,256 (1,644) and 365 (182)ethods in terms of both structure prediction and docking.
_ Excitingly, though IgFold leverages embeddings from a
Results  As shown in Table 1, our dyMEAN remarkably o o4ained antibody language model (Ruffolo et al., 2021)
outperforms all baselines regarding nearly all metrics, SUPand utilizes 38k additional antibody structures from Al-
porting its superiority in recovering 1D sequences, 3Dyparid (Jumper et al., 2021) for training, our model stil

s?rucl*,.turebs, agd thc? lbinding integifcet.) In cdontrast 10 theychieves better TMscore and IDDT, exhibiting its stronger
pIpeline-hased models (RosettaADIfiA »an MEAN_)' capability of learning the distribution of antibody structures.
dyMEAN is end-to-end and able to alleviate potential aCas for the baseline G HERN that applies ground-truth

cumulated errors incurred by each stage of the antibOd¥tructures for docking, our dyMEAN still yields better dock-

design process, henc_e Ie.ading to better performqnce. Cori?l'g accuracy, which reveals that dyMEAN really excels at
pared with HERN which is unaware of frame region mod-

lina. dyMEAN is clearl q " both 1Dunveiling the epitope-antibody interactions with the full-
eling, dy IS clearly more advantageous in bot context geometry. We also explore including other CDRs

generation and docking, indicating that characterizing th?nto the shadow paratope which is presented in Appendix J.d
full-context geometry in antibody design is useful and even

indispensable. In addition, the TMscore and IDDT of theTable 2.Complex Structure Prediction. Methods with superscript
initialized structure via S| are meaningful but still far from use Rosetta to generate the side chains. The valueyaitathe
satisfactory, which explains the importance of later messagéPper-bound as they are calculated on Ground Truths (GT).

passing by AME in dyMEAN. As an illustrated example, Model Structure Docking
: - . - TMscoré  IDDT" RMSD# DockQ@'
Figure 4 visualizes the comparison between MEAdvd
dyMEAN. More samples are provided in Appendix M. We I|g|F:0||g :E‘F’f’\'l‘ g-g;g; 8-213& 18-23% g-igg
S gFo . . . .
further. analyz_e th.e dlstr|but|.on of theangles of the gener- GT) HERN 10008  1.0000 9.65 0432
ated side chains in Appendix H. initialization 0.5054  0.3006 - -
dyMEAN 0.9731  0.8673 9.05 0452

5.2. Complex Structure Prediction

. . . 5.3. Af nity Optimizati
This task predicts the docked complex structure given the nity Lptimization

complete antibody sequence (including CDR-H3). We reAnother common application is to optimize the af nity of a
port the metrics of TMscore, IDDT, RMSD, and DockQ. given antibody. As suggested by Kong et al. (2022), we use

7
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Table 3.Average G (kcal/mol) and average number of changed Table 4.Ablations of different components in dyMEAN.
residues ( L). dyMEAN-n denotes the restricted version allowing Model Generation Docking
at mosi changed residues, and dyMEAN itself changessidues AAR" TMscor¢ LDDT" _ CAAR” RMSD# DockQ!

. . i . CDR-H3 Design
with n is sampled fronjl; N] at each generation. dyMEAN 43.65% 09726 0.8454  28.11% 811 0400

Method G# L# Method G# L# T=2 43.57% 09731 0.8411 29.23% 9.68 0.383
T=4 42.84% 0.9725 0.8440 28.18% 8.65 0.393
Diffab (t =1) -0.32  1.19 MEAN -6.48 8.96 - full-atom  41.81% 0.9730 0.7999 27.96% 10.10 0.343
Diffab(t =2) -0.68 1.21 dyMEAN-1 -6.79 1.00 - sharing 43.17% 09718  0.8374 28.79% 9.46 0.356
i = N _ _ -wiw? 39.29% 0.9724 0.8408 25.87% 8.60 0.407
Diffab (t = 4) 1.00 1.38 dyMEAN-2 -7.11 1.59 i ) .
Diffab (t =8) ~ -1.34  1.62  dyMEAN-4 -7.18 324 R b oovis  omer a0 0308
D!ﬁab (t=16) -1.85 3.54 dyMEAN-8 -7.23  6.67 Complex Structure Prediction
Diffab (t =32) -2.17 7.06 dyMEAN  -7.31 557 dyMEAN - 09731 0.8673 - 9.05 0452
T=2 - 0.9716 0.8606 - 9.61 0.440
T=4 - 0.9712 0.8628 - 9.62 0.441
- full-atom - 0.9713 0.8111 - 9.98 0.424
- sharing - 0.9709 0.8641 - 11.27 0.429
- Win> - 0.9725 0.8662 - 9.16 0.432
- memory - 0.9711 0.8653 - 8.89 0.447
- Laist - 0.9706 0.8587 - 9.97 0.416
6. Analysis

Ablation Study We ablate the necessity or value of the
Figure 5.Left: The distribution of G w.r.t. the actual L of following components: the number of iterations in gener-
the calnd'idates after optimization. Right: The bindjng interface OfationT, the full-atom geometry, the information sharing
an optimized antibody (pdb: 3se9, G = 7:22)withonlyone  henyeen the shadow and the native paratope, the learnable
residue changed compared to the wild type. channel weightsv;w? in Eq. 12, the memory termg in
j Ll
Eqg. 16, and the external distance prediction Ibgg; in
the binding af nity change ( G) as the objective, which  Eq. 23. Particularly, for the ablation of the full-atom ge-
is predicted by a GNN-based predictor (Shan et al., 2022hmetry, we only retain backbone atoms in dyMEAN and
We also provide the results using FoldX (Schymkowitzyse Rosetta for side-chain packing afterwardifgg;, we
et al., 2005) as the afnity predictor in Appendix K. instead use the coordinates to compute distances between
We conduct evaluation on the antibodies from SKEMPIresidue pairs other than predicting them with hidden states.
V2.0 (Jankauskagtet al., 2019). We also report the num-Table 4 presents the following observations: (1) The value of
ber of changed residuesL since many practical scenarios T mainly affects the docking performance, ahd 3 used
prefer smaller L (Ren et al., 2022). To adjust dyMEAN in dyMEAN generally yields the best performance. (2) The
for this task, we additionally train an MLP over the repre-removal of the full-atom geometry exerts a remarkab|y ad-
sentations of the complex graphs to t the above-mentionedserse impact on the overall performance, which con rms the
G predictor. Then we conduct gradient search to locateecessity of incorporating the side-chain conformation. (3)
favorable initial states of all residues, which are likely to The information sharing is critical speci cally for structure
generate a complex of higher af nity. A few more adap-generation and docking, without which all metrics excluding
tions are needed, which are detailed in Appendix D. FOICAAR drop by a |arge margin_ (4) The learnable Weights
compared baselines, we use ITA for MEAN, and the interact like attentions to different channels, and will incur detri-
mediate state at th@  t)-th step during the denoising ment if removed. (5) The memory mechanism contributes
process for DiffAb, as suggested in their papers. All modelso the task of CDR-H3 design but seems nonessential on
are trained on SAbDab under the same settingst@as. For  complex structure prediction, which is reasonable because
each antibody in the test set, we generate 100 candidates afi§k information passed for the hidden states of CDR-H3
record the G of the top-1 candidate, and then computesequence in Eq. 16 is closely in uenced by this term while
the corresponding L. the 3D coordinates are directly passed on to the next itera-
. tion. (6) The external distance prediction ldsg; is vital
Results Table 3 summarizes the average Gand L ¢4 gocking, which we suspect the coordinates alone are

over all test antibodies. It shows that dyMEAN generatesq ¢ cient to correctly recover the structure of the shadow
antibodies with the lowest G and controllable changes paratope speci cally during early iterations.

of L. Although DiffAb can also control L by reducing,
its ability to af nity optimization is limited. MEAN achieves Multiple CDRs Design and Full Antibody Design In
favorable G but at the cost of great change irL. It  §5.1, we follow previous settings (e.g. HERN) and focuses
is worth mentioning that our model still achieves desirablemainly on the design of CDR-H3, because CDR-H3 is the
performance even when only 1 or 2 residues are allowed ttoop mostly involved in binding and the most dif cult to
change. Figure 5 (right) illustrates one example in this casenodel. However, our method can be easily extended to

8



End-to-End Full-Atom Antibody Design

include other CDRs or any target regions. What we neegbattern).

to do is just masking all of them to generate, while theReliability of Computational Energy Functions Ulti-

overall generation architecture keeps the same. To iIIustratﬁ1ate| the binding af nitv (or binding enerav) determines
this exibility, we additionally extend our model to the y Inding ity (or binding ay) !

simultaneous design of all 6 CDRs and report the results i hether the generated candidates are good binders or not.

Table 5. It suggests that the results are promising in generap this baper, we use the deep-learnmg-pased predictor of
G, and it is also common to use statistical energy terms

Further, we provide the results for designing the full anti{e.g. FoldX (Schymkowitz et al., 2005), Rosetta (Alford
body including the framework regions in Table 5. It readset al., 2017), docking scores in softwares (Goodsell et al.,
that AAR improves by a large margin, which is expected1996)). However, the reliability of current computational en-
because the other parts excluding CDR-H3 in an antibodgrgy functions still remains uncertain, and some are known
exhibit stronger regularities and conservativeness. The sidés correlate poorly with the experimental results (Ramn
chain generation (IDDT) worsens, which is also expecte& Caballero, 2016; 2018). Indeed, there are two questions
because it is more challenging to simultaneously generateequired to answer: (1) If these energy functions which
the type of the residue as well as its side-chain geometrgre tted on well binding complexes can distinguish poorly
than generating the side chains with known residue typéinding complexes? (2) If these energy functions which
in the framework regions. The performance on backbonare tted on natural complexes can generalize to complexes
generation (TMscore) and docking (DockQ) remain similargenerated by deep models which may yield distinct distri-
to the CDR-H3 design experiment (8§ 5.1). butions? We believe a well-generalizable af nity predictor
is essential for learning-based antibody design; otherwise,
Table 5.Evaluation on designing all 6 CDRs simultaneously andwet-lab evaluations are necessary, which, yet, are inef cient

designing the full antibody. and labor-intensive.
AAR TMscore IDDT  DockQ
Simultaneous Design of 6 CDRs 8. Conclusion
AAR details
L1 75.55% H1 ~ 75.72% In this paper, we propose dyMEAN, a full-atom model
L2 83.10% H2  68.48% for end-to-end antibody design given the epitope and the
L3 52.12% H3 _ 37.51% incomplete antibody sequence. Speci cally, we explore

All  60.07% 0.9653 0.8029 0.396
Design of Full Antibody
Full 74.96% 0.9662 0.7589 0.412

a knowledge-guided structural initialization and propose
shadow paratope for E(3)-equivariant message passing and
docking. The proposed adaptive multi-channel encoder
also tackles the challenge of the variant number of atoms
7. Limitations in different residues in full-atom modeling. Our dyMEAN
surpasses state-of-the-art models in terms of epitope-binding
Data Diversity and Evaluation Metrics  Currently, deep  CDR-H3 design, complex structure prediction, and af nity
generative models are likely to face dif culties in antibody optimization. Our work provides insights into the end-to-
design due to the limited diversity of antigen-antibody dataend antibody design and could inspire future research on
We count the most frequent unigram pattern of the amingne full-atom modeling of proteins.
acid types of each position in CDR-H3 from the training set,
matching from both sides to the middle, which yields theReproducibility
patternARDG DY where most areY. We use this
unigram pattern to calculate AAR on the test set and obtai
AAR= 39:61%and CAAR= 26:57% This implies that the
meaningless unigram pattern is prevailing in both the trainACknOWIedgmentS
ing set and the test set, which may hinder the models from
learning meaningful antigen-antibody interaction patternsThis work is jointly supported by the Vanke Special Fund
and trick the evaluation metrics. After removing the rst 4 for Public Health and Health Discipline Development of
residues and the last 2 residues from CDR-H3, dyMEANTsinghua University, the National Natural Science Founda-
achieves an AAR 081:76% which exhibits a clear perfor- tion of China (No. 61925601, No. 62006137), Guogiang
mance detriment compared to Table 1. These phenomena éResearch Institute General Project of Tsinghua University
courage future work in augmenting the dataseg.through  (No. 2021GQG1012), Beijing Academy of Arti cial In-
wet-lab experiments or extracting similar interfaces fromtelligence, Beijing Outstanding Young Scientist Program
general protein complexes) and proposing better evaluatiofNo. BJJWZYJH012019100020098), Scienti ¢ Research
metrics to avoid the impact of the unigram distributieny,  Fund Project of Renmin University of China (Start-up Fund
drop the residues that can be predicted correctly by unigrarroject for New Teachers).

rg:odes for our dyMEAN are available dtttps://
github.com/THUNLP-MT/dyMEAN
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A. Details of the Structural Initialization

Given an antibody, we denote the position number of itieresidue as; . With the backbone templat& , 2 R® 4jr 2 Wg

(8 4.1) of the same numbering system, we initialize the backbone coordibates the structure by linearly interpolating

the residues between the well-conserved ones and extending the residues at two ends outwards. The above process can be
formalized as follows:

8
% A% r2w;
7, = é gl PZrg+(a DZi ] ri 2W;9p;q; 1)
wherep andq are de ned as the indexes of the nearest conserved residuesitththesidue whem; Z P;
p:mgxfkjk<i;rk2Wg; (2)
q:mli(nfkjk>i;rk2Wg; 3)

Z,. is then extended t¥ i(o) by lling in the coordinates of the side-chain atoms with the coordinate-carbon.

B. Channel Attributes and Weights

Given a multi-channel coordina 2 R® ¢, we assign it with al-dimensional attribute matriga 2 R® ¢ and a set of
weightsw 2 R¢ 1. Each row vector oA\ is associated with the atom type and the atom position of the corresponding
channel and the weights are decided by the residue type of the coordinate. Natural amino acids only incorporate four atom
types (i.e.C;N; O; S), and each atom will be assigned a position code indicating the number of chemical bonds on the
shortest path from it to th€ (IJUPAC et al., 1970). For example, Figure 6 illustrates the position code of each atom in the
side chain of Tryptophan. The attribute vector for each channel is the sum of its atom type embedding and its position code
embedding. For the unknown residues, we assign them with a maximum number of atom channels, where each channel is
lled with a [MASK] atom type and 8MASK] atom position.

Figure 6.Position codes for atoms in the side-chain of Tryptophan.

Both attribute vectors and weights are learnable parameters in our model. For ef ciency consideration, thedsahautsf
be small because the dimension of the geometric relaRgn< RY 9 (§4.3) is quadratic ofl. In practice, we nd that
d = 16 is suf cient. Furthermore, we normalize the weightwith its L2-norm to avoid potential numerical instability.

C. Proof of Theorem 4.1

Theorem 4.1. Given the initial epitope (along with the shadow paratopi)i;Xigiovev s and the ini-
tialized antibodyfhi(o);xi(o) Oiav,, we compute the nal prediction and docking Bigiaov,. ;fXigiov, =
dyMEAN fhi;Xigisz[\,S;fhi(o);xi(o) Oi2v, - We immediately have the conclusion thdgMEAN is E(3)-
equivariant. Namely, for any transformationg;;g; 2 E(3), we havefpigiav.;for  XiGoav,
dyMEAN fhi;on XiGiove v S;fhi(o) i X i(0) giav, Whereg X = QX +t fororthogonal transformatio® 2 O(3)
and translation transformatioh 2 R3.
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We start by giving the de nition of E3)-invariance and B)-equivariance (Huang et al., 2022) as follows:

De nition C.1 (E(3)-equivariance) A function : X 7! Y is E(3)-equivariantifdg 2 E(3) we have v(g)y = ( x(9)x),
where x and v instantiatey in the input spac& and the output spacé. Speci cally, is E(3)-invariantif v(g) |,
wherel is the identity transformation.

Before proceeding to the overall proof, we need to rst present and prove several necessary lemmas below.

Lemma C.2. For the geometric relation extractdiz (§4.3),8X; 2 R® ©;X; 2 R® &, supposdRj = Tr (Xi;Xj),
thenTg is E(3)-invariant. Namely8g 2 E(3), we haveR; = Tr (g Xi;9 X;j),whereg X = QX +t,Q 2 O(3);t 2
R3.

Proof. 8X; 2 R® %;X; 2 R® %, Rj is obtained through Eq. 12. Consider the pair-wise channel distance mDatrix
8Q 2 0O(3);t 2 R, we have:

Dij(p;Q):g(QXi(I;th) (QXj(a)+ i = jQ(Xi(p) X (Al

= [QXitip) XjEGalZ [QMXi¢ip) X al;
=q(Xi(::p) Xi(a)” Q> Q(Xi(ip) X a);
=q(Xi(::p) XiGa)> (Xitp X d);
=0XiGe) o X ai;

With Ai;Aj;wi;w; not affected by transformations oX; and X, we can directly deriveRj =
Tr (QX i + t;QXj + t) = Tr (Xi;X;), which concludes Lemma C.2. O

Lemma C.3. For the geometric message scaky (§ 4.3),8X 2 R® ¢;8s 2 R®, suppos& °= Ts (X ;s), thenTs is
O(3)-equivariant. Namely\8Q 2 O(3), we haveQX %= Ts (QX ;s).

Proof. 8Q 2 O(3);t 2 R3, we have:

Ts (QX ;s) = (QX )diag(s) = Q(X diag(s) = QTs (X ;s)= QX &
which concludes Lemma C.3. O

Lemma C.4. Denote the AME§ 4.3) asfh% X giov e v sv » = AME(fhi; X iGi2ve v sv 4 ), then AME is independent
E(3)-equivariant (Ganea et al., 2021) with respect\Mp [V s andVa. Namely,8g;; 0 2 E(3), we havef h?; g
XW%iovew s [f h%g X%iav, = AME(fhi;or XiGavew s [f hisde Xigiav,).

Proof. The key points to the proof of Lemma C.4 are the following two statements: (1) The information exchange between
Ve [V s andV, is E(3)-invariant; (2) The propagation process of Eq. 8-1E(8)-invariant onh andE(3)-equivariant

on X . If both (1) and (2) are right, then each layer of the AME satis es indepeng@)tequivariance with respect to

Ve [V s andV,, which easily leads to the correctness of Lemma C.4. Suppose (2) holds true, then the correctness of (1)
is obvious because the information exchange betwgehV s andV, is conducted by the sharing of hidden states and
topology betweeVs andVp , both of which are E3)-invariant. Thus the focus narrows down to the proof of (2).

892 E(3),g X = QX +1,Q 2 0O(3);t 2 R, according to Lemma C.2, we have:

M.y D
m; = (h(l)h(l) TR(Xi ,X]- )
1 m U, Ty = TRV
ITR(X -Xj )i +
M. 0
= (h":h": Tr(g X759 X;7)

iTR(@ X9 X Dyjie +
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which reads that the computationmaf; is E(3)-invariant. This directly leads to tHg3)-invariance of obtainingui(”l)

through Eqg. 10. Next, according to Lemma C.3, we have:

i
QX = QTs(X i Xj(l)(I;k); x(mij));
k=1
i
= Ts@X " 27 X Ok wmy);
G yor
Wi
= To@x O 2T QX Ok o (my):
G o

I
_|
n
QO
X

¥
O 4 ¢ ci (QX j(')(:;k)+ t); x(mj));

1 k=1

1
_|
(7]

Q
X

1 X
D= g XPEK my));
G =1
which leads to the 8)-equivariance of obtainink i(”l) through Eq. 11:

1 X

IN (i)j i2N (i)
1 X

iN (1)j j2N (i)
X

g X! =g x"+ Xij);

Qx M+ X))+ t;

Qx V+t+Q :

NM v

_ 0
=g xM+ —_ X i
92T NG e @ X

Therefore, the propagation process of Eq. 8-1E(3)-invariant onh and E(3)-equivariant onX , which concludes
Lemma C.4. O

Lemma C.5. Denote the docking procedure in Eq. 17-18 &5 gioy , = Dock(fX i(T)gi v X i(T)gi 2vs ), thenitis E3)-
equivariant in terms of/s. Namely8a:; g2 2 E(3), we havd g1 X'igiav, = Dock(fg, X i(T)giZVA fogr X i(T)gigvs).

Proof. Supposegy X = QX + t, whereQ;t = Kabsch(f X i(T)gizvp T EX i(T)gizvs). When we applhyg; to Vs andg,
toVa (Vp 2 Va), the new Kabsch process can be interpreted as rst exeggiﬁg)n Vs andg, 1 onV, to eliminate the
transformations, then implementing the above-mentianed V4, and nally transformingVa with g; to recover the

transformation otVs. Therefore, fog® X = QX + t% whereQ®t%= Kabsch(fg, X (Mgov, :for X M giave),
we haveg®= g1 g g, 1 Thenitis easy to derive:
fg° o Xi(T)gisz = Dock(fg. XfT)gisz;fgl Xi(T)gizvs)
=fo 0 %" @& Xi(T)gisz =fo g Xi(T)gisz
=fon XiGiova;

which concludes Lemma C.5. O
Ultimately we are ready to give the proof to Theorem 4.1 as follows:

Proof. 8g;; 0 2 E(3), according to Lemma C.4, each iteration in dyMEAN satis es indepen&é3it-equivariance
with respect toVg [V s andVa. Thus the transformed input$i; o1 X iGiove v s ;fhi(o);gz X i(o) Oiav, lead to
transformed encoded results with independ&@)-equivariancéh{™ ;g X Mgy i fh{ig X Mgy, . Next,
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based on Lemma C.5, the docking procedure(&) Equivariant in terms of/s, thus we havég; X'igiov, = Dock(fg
X imgi avaifo X i(T)gi 2v ¢ ). Plus thaip; is obtained through Softmax d'rfT), we can derive:

fPigiavy oL Xigav, = dyMEAN fhiig Xigiavey <:Fh@:g X Pgov,

which concludes Theorem 4.1. Also, the initialization of the shadow paratope conforms to the standard Gaussian distribution
at the center of the epitope, which is isotropic (Xu et al., 2022) and thus does not interfere via{B)rexjuivariance. [

D. Adaption for Property Optimization

We can also adjust our method for optimizing the properties (e.g. af nity) of existing antibodidsit{dljzation with
disturbance. Since the structure of the existing antigen-antibody complex is known, we only need to disturb it with
Z N (0;) forinitialization rather than the method §4.1. (2)No shadow paratope The initialization also provides

the relative position of the antibody to the epitope, therefore we can directly capture the interface geometry through
interacting edges between epitope and antibody without the shadow paraf$irA pair of residues is interacting if

their distance is below a thresholdi.e. 6.6A according to Ramaraj et al. (2012)), therefore the interacting edge set is
E = f(u;v)jd(u;v) ;u 2VEg;v 2Vag. The alternating message passing in the encoder AME can be merged into a
single step on the entire compléXe [V a;Es [E A [E ). (3) Partially masked sequence A common requirement of
property optimization is to change the sequence as little as possible (Ren et al., 2022). To achieve exibility in controlling
the extent of modi cation, we only mask a random subset of the CDR resldues for each training step. Then we can

set the upper bound of the number of modi ed residues by masking a xed number of residues for generation.

Gradient Search Given a property scorer on compleXes G! R, we search for a favorable initialization that leads to

a complex with the better property. we rst utilize our trained mode generate a dataset= f (hg ;f (G))jG 0,

wherehg, denotes the representation of the compiexbtained by averaging the hidden states of all nodes. The d&aset

is then used to t a predictor df on the representation space of complex’és:: H! f[G]. Now given an existing complex

Gwith CDRs partially masked, the mapping from the initial disturbance to the predictedfScore (GiZ) is differentiable,

whereg sums up the process of generating a complex and then obtaining its representation. Suppose we want to maximize
the property score, we can conduct gradient search on the initialization space by minimizing the target function:

L(2)= g (G2)+ Dk (ZKN (0;1)); 4)

where the KL divergence (Kullback & Leibler, 1951) restricts the disturbance to the standard Gaussian distribution.

E. Huber Loss

The Huber loss (Huber, 1992) for robust supervision of the coordinates and bond lengths is de ned as follows:

05(x y)%if jx yj < ;

(x yj 05 ) else (5)

1(x;y) =
When the deviation betweenandy is below the threshold, | is equivalent to MSE loss, and when the deviation is above
the threshold| is equivalent to L1 loss. MSE loss provides smoothness near 0 but is sensitive to outliers, while the opposite
holds true for L1 loss. By selecting a suitable loss according to the deviation, Huber loss combines the merits of MSE loss
and L1 loss, thus exhibiting better numerical stability. We setl in our experiments following Kong et al. (2022).

F. Experiment Details

For the baselines, we adopt the hyperparameters and training procedure in their of cial releases since all the papers utilize
SAbDab to form training sets of similar scale and distribution. We list the values of these hyperparameters as well as those
of our dyMEAN in Table 6.

We train dyMEAN by Adam optimizer with the data-parallel framework of PyTorch on 2 GeForce RTX 2080 Ti GPUs. We
settheinitialr =1 10 2 and decay the learning rate exponentially to reach10 # at the last step. The batch size is
16, which is consistent across different tasks. It takes 200 epochs for dyMEAN to converge in the tasks of epitope-binding
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CDR-H3 design and affinity optimization, while the number is 250 in the task of complex structure prediction. We notice
that the learning of 1D sequences is faster than that of 3D structures, leading to overfitting the 1D sequences in CDR-H3
design. To bypass the problem, we unmask some paratope residues at the initial stage of training, and gradually transit to
the ultimate setting where all the paratope residues are masked. Specifically, the ratio of unmasked paratope residues is
initialized as 90% and anneals to 0% with a cosine schedule.

Table 6. Hyperparameters for the baselines and our dyMEAN.

hyperparameter value description

HERN
hidden_size 256  Size of the hidden states in its hierachical message passing network (MPN).
num_rbf 16 ~ Number of RBF kernels for distance embedding.
n_layers 4 Number of layers in the MPN.
k_neighbors 9 Number of neighbors for each node in the KNN graph.
Diffab
hidden_size 128  Size of the hidden states in the MPN.
pair_size 64 Size of the residue-pair features.
n_layers 6 Number of layers in the MPN.
n_steps 100  Number of the diffusion steps.
MEAN
embed_size 64 Size of the residue type embedding.
hidden_size 128  Size of the hidden states in the MPN
n_layers 3 Number of layers in the MPN
n_iter 3 Number of iterations in its progressive full-shot decoding.
k_neighbors 9 Number of neighbors for each node in the KNN graph.
dyMEAN (ours)
embed_size 64 Size of the residue type embedding and the position number embedding.
hidden_size 128  Size of the hidden states in the MPN
n_layers 3 Number of layers in the MPN
n-iter 3 Number of iterations in the progressive full-shot decoding.
k_neighbors 9 Number of neighbors for each node in the KNN graph.
d 16 Size of the attribute vector of each channel (equal to the size of the atom type

embedding and the atom position embedding).

Furthermore, we provide the definition of the epitope to HDock when using it for docking. To further enhance its docking
performance, we generate 100 docked samples for each antibody and calculate the 48 residues closest to each antibody. We
compare these residues with the given epitope and select the candidate with the top-1 coverage as the final result.

G. Space Complexity Analysis

We emphasize the spatial efficiency of our dyyMEAN compared to HERN (Jin et al., 2022), which also models the side
chains in addition to backbones but is limited to the paratope (i.e., CDR-H3), by two aspects: initialization and encoding.
We denote the number of residues in the epitope, the paratope, and the antibody by Ng; Np, and Na.

Initialization It is obvious that our structural initialization (§ 4.1) has a complexity linear to the number of residues in the
shadow paratope and the antibody, which is O(Np + Na). HERN initializes the coordinates of the antibody via eigenvalue
decomposition of the residue-level pair-wise distance matrix of the complex, thus having a complexity of O((Ng + Np )?).
Since Na is much larger than Np, the quadratic complexity largely impedes HERN’s scaling from modeling paratope only
to modeling the entire antibody (i.e., replacing Np with Na).

Encoding The space complexity of GNN-based encoders is dominated by the scheme of edge-wise message passing.
We denote the maximum number of neighbors of each node by K, and the maximum number of atoms in a single residue
(i.e., maximum channel size) by C. For our AME (§ 4.3), the major influence is the geometric relation extractor (Eq. 12)
with a complexity of O(K(Ng + Np + Na)(2dC + 2C + C?)) = O(K(Ng + Np + Na)C(2d + 2 + C)), where d is
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the dimension of the attribute vector. HERN adopts a hierarchical encoder, which first implements EGNN (Satorras et al.,
2021) on the residue-level graph and the atom-level graph sequentially, then updates the coordinates with inter-C terms
and intra-residue terms. Since the atom-level graph is much larger than its residue-level counterpart, the dominant part is the
atom-level message passing with a complexity of O(K(Ng + Np )CH), where H denotes the hidden size. Scaling HERN
from Np to Na, we have N + Np + Na  Ng + Na but H >> 2d + 2 + C because d is set to a small number and
C = 14 in the dataset, which reveals the superiority of AME in efficiency over the hierarchical encoder.

Our attempts to scale HERN to the entire antibody bring no success and exhibit unrealistic GPU requirements, which we
attribute to the high complexity of its initialization, hierarchical encoder, and autoregressive refinement (Kong et al., 2022).

H. Side-Chain Dihedral Angles

To analyze whether our model generates realistic dihedral angles in the side chains, we draw the distribution of 1; 2; 3; 4
with the generated structures and the reference structures®. We display the overall distribution in figure 7 and separated
distribution of different amino acids in figure 8. Both figure 7 and figure 8 show that generally the generated dihedral
angles conforms to the reference distribution. However, we also identify from the fine-grained figure 8 that the generated
distributions are smoother than the reference ones, indicating possible minor deviations on the angles under certain
circumstances. Therefore, in some practical applications, relaxing methods like OpenMM (Eastman et al., 2017) are still
needed for post-process.
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Figure 7. The overall distributions of 4 dihedral angles in the side chains.

0.20
015
0.10
0.05
0.00

-2 3

s g = } — e > I : I
2. 2 < 2
B l B | —
1 = 1 1 1
| |
= N B [
L0 L0 L0 <0
|| l
= | ||
. B=8 5 [ ~ . -
.
|
| I - E——
L Eee® = - [ = . A e
' i B - R
- — R
. R . L . :
-
<0 2o %0 <0
e ts ||
S & L B B S mmn Em . D
VQLESPRCFTYMHWKIDN QL EPRFYMHWE K I DN Q R R M K R K
Amino Acid Amino Acid Amino Acid Amino Acid

Figure 8. The distribution of 4 dihedral angles in the side chains categorized by amino acids. The first row and the second row display the
distributions from the generated structures and the reference structures, respectively.

>We use the following definitions of the dihedral angles: http://www.mlb.co.jp/linux/science/garlic/doc/
commands/dihedrals.html
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I. Threshold for Defining Conserved Residues

We analyze the influence of the threshold for defining the conserved residues (§ 4.1) by displaying the variations in the
number of conserved residues and the average RMSD of the antibodies in the dataset to the conserved template. According
to Figure 9, with the decrease of the threshold, the number of conserved residues gradually increases and becomes stable at
90% threshold, which is expected. In contrast, the RMSD curve shows a surge at 92% threshold. Hence, to balance these
two factors, we think it is better to set the threshold between 93% and 96%, where the RMSD remains low and the number
of conserved residues is not too small.
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Figure 9. Number of conserved residues (left) and average RMSD of the antibodies in the dataset to the conserved template (right) with
respect to different thresholds for defining the conserved residues.

We further conducted experiments with templates from 90% and 99% threshold, and show the results in Table 7. It is
observed that our model is robust with the templates, but still, using 95% as threshold generally achieves more favorable
results compared to the other choices.

Table 7. Performance of dyMEAN with conserved templates defined by different thresholds.

Threshold Generation Docking
AAR"  TMscore" LDDT" CAAR" RMSD# DockQ"
CDR-H3 Design
90% 40.99% 0.9722 0.8365 26.04% 7.88 0.415

95% 43.65% 0.9726 0.8454 28.11% 8.11 0.409
99% 43.32% 0.9730 0.8438 27.59% 9.30 0.405
Complex Structure Prediction

90% - 0.9703 0.8597 - 9.34 0.459
95% - 0.9731 0.8673 - 9.05 0.452
99% - 0.9712 0.8601 - 9.70 0.443

J. Selection of the Shadow Paratope in Docking

Table 8. Results on complex structure prediction using both CDR-H3 and CDR-L3 as the shadow paratope.
Shadow Paratope = TMscore” IDDT" RMSD# DockQ"

H3 0.9731 0.8673 9.05 0.452
H3+L3 0.9585 0.8248 10.80 0.397

In this work, we generally use CDR-H3 since the interacting residues mainly come from it (Akbar et al., 2021). In practice,
we find that using CDR-H3 only is generally sufficient for docking. Also, it is easy to extend the shadow paratope to contain
other CDRs by our implementation. We conduct an experiment using both CDR-H3 and CDR-L3 as the shadow paratope
for the docking experiment and the results are in Table 8. Additional inclusion of CDR-L3 leads to a slight performance
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drop in all metrics. This is possibly because the two CDRs are separated spatially in the structure, and identifying their
relative positions brings up additional complexity to the problem.

K. Affinity with FoldX

We provide the evaluation on affinity optimization (§ 5.3) with FoldX (Schymkowitz et al., 2005) as the criterion in Table 9.
We first use OpenMM (Eastman et al., 2017) to relax the generated structures, then use FoldX to minimize the energy.
Finally, we use FoldX to calculate the interface energy (AG) of both the wild type and the mutant to obtain the AAG.

Table 9. Average G (kcal/mol) and average number of changed residues ( L). dyMEAN-n denotes the restricted version allowing at
most n changed residues, and dyMEAN itself changes n residues with n is sampled from [1, N] at each generation.

Method AAG# AL # Method AAG# AL#
Diffab(t=1) -0.72 1.08 MEAN -5.84  5.09
Diffab (t=2) -0.77 1.17 dyMEAN-1 -7.95 094
Diffab (t =4) -042 1.10 dyMEAN-2 -8.36 127
Diffab (t = 8) 0.07 142 dyMEAN-4 -833 2.8
Diffab (t =16) 0.74 2.67 dyMEAN-8 -7.89 4.37
Diffab (t =32) 1.77 6.40 dyMEAN -8.10  2.76

L. Trial on General Proteins

We have further conducted experimental validation on the CATH dataset. We select the complexes from the CATH dataset
and divide each of them into a receptor and a ligand. We identify the interacting residues of the ligands and mask them
for generation, with the rest of the ligand as the “framework”. Two types of settings are applied for validation. In the
“e2e” setting, neither the structure nor the docking position of the framework is provided, resembling the setting in this
paper. In the “inpainting” setting, both the structure and the docking position of the framework are provided, thus the model
only focuses on filling in the interacting residues and adjusting the framework structure according to the docking position,
imitating the setting in previous works (e.g. DiffAb, MEAN). The total number of valid data is 6883. In the e2e setting, we
use ESMFold (Lin et al., 2023) to provide the initial structures in place of the method in § 4.1. Results in Table 10 illustrate
that dyMEAN achieves promising performance in inpainting the protein complexes. Nevertheless, the performance on the
e2e setting reveals greater challenges in designing binding interfaces without prior knowledge on the binding positions.
Augmenting data or upgrading models are still urgent needs in this domain.

Table 10. Evaluation on general proteins in the CATH dataset.
Task AAR" TMscore” IDDT" RMSD# DockQ"

eZe 16.02% 0.7678 0.6579 11.28 0.188
inpainting  51.79% 0.9708 0.8481 0.66 0.916

M. Samples

We provide more samples of generated antibodies from epitope-binding CDR-H3 design (§ 5.1) in Figure 10.
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End-to-End Full-Atom Antibody Design
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Figure 10. Samples of generated antibodies.
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