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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Preclinical AI-based drug discovery plays an important role in the development of innovative drugs.

■   Our pre-experiments reveal off-target effects in AI produced molecules, highly risking clinical trial failures.

■   A generative pretrain-tune framework is proposed to generate potential candidates against off-target effects.

■   AI simulation reveals superior chemical properties and inhibited off-target binding affinity.

■   Biological assay is carried out after chemical synthesis of predicted receptor-selective molecules.
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De novo molecular generation is committed by the mission to create novel
molecules  from  scratch  with  desired  properties.  Learning  from  massive
protein-molecule data, generative models can serve drug discovery, accel-
erating  the  development  of  innovative  medical  treatment  and  products
curing stubborn diseases. Previous research celebrates phased success by
optimizing  the  joint  distribution  of  molecule-protein  pairs.  However,  our
preliminary  experiments  show  that  AI-generated  molecules  exhibit  off-
target effects,  potentially  leading  to  the  failure  of  clinical  trials.  This  indi-
cates  precisely  binding  to  the  target  yet  not  to  others  far  from  settled.
Chemical candidate  space may be quite  narrow,  instead of  vastly  search-
ing only conditioned on target proteins. In this study, we present a genera-
tive pretrain-tune framework for de novo molecular generation against off-
target effects (AgainstOTE).  For pretraining an initialized generative model
which is called AgainstOTE-R1 in this context, it exploits the dual-receptor
cooperative  training  mechanism,  randomly  selecting  any  other  protein  as
off-target  input,  providing  neural  networks  the  opportunity  observing  all
kinds of structures while focusing on the target. Then it employs structural
displacement to create structural randomly shifted samples for simulating
conformational changes brought by mobility of proteins. Consistent chemi-
cal embeddings are accessed by a regularizer comprising of E(3)-equivari-
ant graph projector and molecular principal component analysis (MolPCA).
With  structural  regularization  implemented  by  a  molecular  contrastive
learning  architecture  normalizing  searching  space  by  evenly  distributing
molecular features from both target and off-target proteins, AgainstOTE-R1
produces  plausible  compounds  with  discriminative  structures  even  when
exposed binding sites are similar.  For enhancing the physical and biologi-
cal plausibility, an advanced molecular generation model is tuned from the
R1  model.  In  this  stage,  more  district  biochemically  meaningful  off-target
receptors  are  selected  by  protein  language  models  as  training  samples.
Additionally,  molecular  dynamics  simulation  is  exploited  in  structural
displacement  for  physically  modeling  temporal  trajectories  of  proteins
instead  of  random  sampling.  We  conduct  extensive  AI  simulation  and
biochemical experiments to evaluate performance of this framework while
designing  target-to-sidelobe  ratios  (TSR)  especially  to  assess  off-target
effects.  Experimental  results  warn  of  off-target  effects  in  AI-generated
molecules and provide important insights for designing a drug against it.

 INTRODUCTION
Innovative drug development is an extremely complex process that covers

the  discovery  of  molecular  regulators,1 chemical  synthesis,2 extensive
preclinical testing3 and several phases of clinical trials.4 Only if a drug candi-
date is successful enough to pass all phases and regulatory approval, it can
be devoted into the medical system.4 De novo molecular generation produces
novel  potential  drug  candidates  interacting  with  specific  biological  binding
sites, beginning the loop of creation.5 Heavy responsibilities lie in this stage as
the  generated  molecules  substantially  impact  subsequent  processes  and

huge cost would be in vain if candidates are missed.
An  ideal  drug  can  precisely  bind  with  the  target  protein  at  the  active

pocket.6 However,  the  reality  is  that  molecules  often  uncontrollably  bind  to
other unexpected pockets,  which is one of the main reasons for clinical  trial
failure.7 This  is  called  off-target  effects,  arising  from  exposed  structural
features  of  other  pockets  similar  to  those  of  the  target  one,  where  proteins
frequently  undergo  conformational  changes  brought  by  the  flexibility  and
mobility of structures due to the cellular response to external stimuli.8

For drug discovery, research on machine intelligence largely empowers the
procedures. One of the encouraging works is that two out of six compounds
designed  by  Insilico  Medicine  found  to  be  active  in  cellular  assays  against
kinase  DDR1.9,10 Inspired  by  successful  attempts,  researchers  continuously
upgrade  the  molecular  generation  models  to  obtain  entities  with  desired
chemical  qualities.  Masuda  et  al.11 utilized  convolutional  neural  networks
(CNNs)  to  encode  atomic  grids  into  latent  space  and  produce  novel
molecules that interact reasonably with binding sites through sampling from
variable  ligand  latent  space.  Francoeur  et  al.12 evaluated  grid-based  models
with 3D CNNs, providing critical insights of designing CNNs models. Concur-
rently,  recurrent neural networks (RNNs) are favored by direct steering of de
novo  molecular  generation.13 With  sequential  modeling  capability,  RNNs
provide a pronounced tendency to generate candidates that maintain similar
binding  modes  as  referenced  molecules.14,15 For  better  representing  the
continuous  latent  space  and  sampling  various  drug  candidates,  Lim  et  al.16

exploited  variational  autoencoders  (VAEs)  to  improve  de  novo  molecular
generation. As classical generative models, VAEs are widely used in this field
with multiple variants,17-19 as well as generative adversarial networks (GANs)20-23

which  optimize  the  joint  distribution  of  drugs  and  proteins,  resulting
molecules  with  high  drug-likeness.  As  the  digital  format  of  molecules  are
aligned with the graph representations in nature,24,25 Peng et al.26 and Zhang
et  al.27 represented  molecules  with  graph  neural  networks  (GNNs),  passing
forward the information of atoms, connections and even motifs.

Although existing  molecular  generation  models  continuously  promote  the
properties  of  generated  entities  by  optimizing  the  distribution  of  referenced
molecules,  off-target  effects  closely  relating  the  biological  side  effect  is  not
the priority to be considered. Among progress of molecular generation, priori-
ties  are  witnessed  continuously  upgrading.  In  early  times,  the  purpose  of
generation is to expand the library of chemical candidates.14,28 The learning is
limited to simulate the structures of ligands already known effective to certain
diseases.  Afterwards,  it  is  expected  to  generate  molecules  satisfied  with
certain  chemical  properties.11,15,16,18 This  expectation  is  accomplished  by
inverse  molecular  design29 which is  conditioned  on  the  specific  physico-
chemical  properties  including  interactions  and  certain  metrics.  Recently,
molecular generation is mainly focused on the target pockets.9,24,25,30,31 Gener-
ative  models  are  designed  to  jointly  simulate  the  correspondence  between
the structures of ligands and receptors, so novel molecules can be generated
given by  any unseen pocket.  Considering off-target  effects,  the  priority  may
be altered again where the generation is conditioned not only on target pock-
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ets, but also off-target pockets (i.e., pockets other than the target), narrowing
down searching space.  But  this  change must be predicated on the problem
that if AI-generated molecules suffer from off-target effects.

In  order  to  examine  off-target  effects  in  AI-generated  molecules,  we
conducted  preliminary  experiments  as  in Figure  1A.  Specifically  on  open-
source CrossDocked dataset,12 the state-of-the-art (SOTA) molecular gener-
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Figure 1.  Workflow Our work is consisted of multiple phases. (A) Preliminary experiments on off-target effects in AI-generated molecules are intended to investigate if  candi-
dates generated by AI would suffer from off-target effects. A systematic solution starts from (B),  where the pretraining of AgainstOTE-R1 is provided. (C) An advanced model
AgainstOTE-V1 finetuned from R1 model is also provided. Given by any pocket as (D), the trained model is able to generated molecules with desired properties. In (E), extensive
simulation and biochemical evaluation is provided.
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ation model  Pocket2Mol9 is  reproduced and molecules are  generated for  all
proteins in test set by the trained model. Then we calculated docking scores
between generated molecules and proteins including both target ones and off-
target ones with QVina2.32 Through multiple dimensions of  statistical  analy-
sis on the dictionary of calculated docking scores, results from Figure 2 show
that  AI-generated  molecules  are  more  highly  likely  being  docked  with  other
proteins than their target ones, implying off-target effects underlying. Detailed
results please refer to RESULTS section.

After  examining  the  problem,  we  designed  a  generative  probabilistic
pretrain-tune framework for de novo molecular generation against off-target
effects as in Figure 1. For designing AgainstOTE, a critical insight in this study
is  that  molecular  features  should  be  evenly  distributed  in  chemical  latent
space even when exposed structures of proteins are very similar. For exam-
ple, if  the  structures  of  pockets  are  similar  and  unluckily  generated  candi-
dates are not discriminative enough, these candidates are likely to bind with
other pockets.  For pretraining AgainstOTE-R1 as in Figure 3C, a dual-recep-
tor  cooperative  training  mechanism  is  exploited  where  both  target  and
randomly  selected  off-target  proteins  are  observed  in  the  training  pipeline.
Structural displacement by randomly sampling from proteins is conducted to
simulate  conformational  changes,  creating  multiple  structural  similar

samples.  Protein-targeted  molecular  generation  offers  the  generator  to
produce corresponding molecules. A regularizer is responsible for projecting
generated molecules into chemical embeddings with consistent dimensions.
Structural  regularization  implemented  by  a  molecular  contrastive  learning
architecture  as  in Figure  3F  is  specially  designed  to  normalize  searching
space by enforcing the generator generating compounds with discriminative
structures even when exposed binding sites are very close,  evenly distribut-
ing  latent  features  of  generated  molecules.  In  order  to  provide  a  physically
and  biologically  plausible  model,  AgainstOTE-V1  is  tuned  from  pretrained
parameters  of  the  R1  model.  As  in Figure  3A,  more  district  biochemically
meaningful  off-target  proteins  are  selected  by  querying  protein  language
models. The protein semantic similarity determines the off-target proteins for
tuning. As in Figure 3B, different from random displacement in the R1 model,
we  use  molecular  dynamics  simulation  instead  to  sample  multiple
augmented protein conformations following physically temporal  trajectories.
Both training stages are conducted in an end-to-end manner. Trained models
inference novel drug structures given by target pockets as in Figure 1D.

For evaluating AgainstOTE as in Figure 1E, we conducted several stages of
experiments  on  the  CrossDocked  dataset.  It  turns  out  that  our  systematic
solution  shows  superior  chemical  properties  compared  to  existing  models.

 

Figure 2.  Preliminary experiments and steps of investigating off-target effects (A) Steps of examining off-targets are taken to do preliminary experiments. Three steps include
generating molecules, calculating pocket-molecule docking scores and evaluation. (B) Top K off-target versus target affinity of any molecule draws the degree for a generated
molecule would bind to off-target proteins. (C) Proportion of off-target molecules indicates the ratio of molecules higher likely binding to other proteins of all generated ones. (D)
Heatmap of calculated docking values is from all docking scores calculated, showing the overall docking cases, where the lowest affinity refers to red.
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Chemical  attributes of  molecules generated are complied with our intension
of being far away from those for off-target proteins. In the optimistic light of
off-target  effects,  binding  affinity32 with  off-target  proteins  is  evidently
increased,  lower  likely  to  bind  with  off-target  proteins.  Although  the  affinity
with  the  target  is  also  increased,  the  degradation  of  target  binding  affinity
from  AgainstOTE-V1 was  still  in  the  accessible  range.  Meanwhile,  Again-

stOTE  shows  outstanding  performance  in  the  designed  TSR  which  was  a
systematic indicator against off-target effects. It needs to be mentioned that
lower  binding  affinity  indicates  more  stable  binding  states,  referring  to
stronger  docking  capabilities.32 The  distribution  of  molecular  features
produced by AgainstOTE is aligned with our intension. Several stages of abla-
tion study reveal the understanding of the pipeline from deeper perspectives.
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Figure 3.  Model details of AgainstOTE (A) Procedure in selection of biochemically meaningful off-target proteins with heterogeneous structures by protein language models. (B)
Structural displacement by molecular dynamics simulation for sampling physically variated temporal conformations of proteins. (C) Training pipeline of AgainstOTE illustrates
the  structures  of  its  common  composition.  (D)  Detailed  model  structures  of  the  regularizer  are  specially  designed,  for  regularizing  the  generator  during  training  to  generate
molecules satisfying the constraints evenly distributing the molecular features in chemical space. (E) A molecular contrastive learning architecture is used for the regularization-
based objective.
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We  selected  several  targets  highly  focused  in  inflammatory  or  tumor
diseases, with developing potential of avoiding side effects in clinical applica-
tion if precisely targeting is accessible. After generating and visualizing struc-
tures of  generated molecules,  results show that the molecules are plausible
and to some degree different from referenced ones yet still well docked at the
binding  site.  This  behavior  mainly  comes  from  the  altered  learning  priority
leading  to  narrowed searching  space considering  both  target  and off-target
proteins.  At  last,  a  compelling  case  towards  TBK1  versus  IKKε  kinases  is
provided,  where  biochemical  selectivity  guided  by  TSR  is  experimented  to
directly assess whether off-target affinity is genuinely reduced in practice.

 MATERIALS AND METHODS
In this section, we provide detailed descriptions of the generative pretrain-

tune framework of AgainstOTE, training and testing. Descriptions of datasets,
calculation of  the  experimental  measurement  TSR  and  biochemical  experi-
mental methods are presented following.

To  fulfill  the  overall  architecture  of  AgainstOTE  as  in Figure  3C,  we  firstly
define  the  general  (i)  3D  graph  representations  of  ligands  and  receptors  in
this study. With this representation, input 3D structures of both target and off-
target receptors are processed by (ii) structural displacement, creating more
structural similar  proteins as augmenting samples.  Then we feed the struc-
ture-shifted proteins  into  the  molecular  generator  which  produces  corre-
sponding molecules highly likely  being docked at  binding sites.  The genera-
tor  is  provided  by  (iii)  protein-targeted  molecular  generation.  Produced
molecules  are  taken  by  structural  regularization.  This  module  is  specially
designed  with  an  E(3)-equivariant  molecular  graph  projector  (encoding  the
produced molecules into chemical embedding space), MolPCA for consistent
representations (extracting the prominent features of non-Euclidean embed-
dings33 for same dimensions) and a molecular contrastive learning architec-
ture implemented by group-center constraints (evenly distributing molecular
embeddings  with  proper  margins)  by  operating  on  molecular  embeddings
against off-target effects.  Both pretraining and tuning stages of  AgainstOTE
are to optimize molecular generation with regularization, generating plausible
molecules  binding with  the  target  receptor  and away from off-target recep-
tors in molecular embedding space.

 3D graph representations of ligands and receptors

G= (V,E) V E

V

F ∈ Rd×n X ∈ R3×n d
n

fi∈ Rd fi ∈ F 1≤ i≤ n
xi∈ R3

G= (V,E) =

(F,X,E) = ({fi,xi|1≤ i≤ n} ,E)

Assuming  any  protein  made  up  of  atoms  can  be  denoted  by  a  graph
,  where  represents  the  atoms  as  its  nodes  and  is  the  set  of

edges indicating the connectivity between atoms.  is  consisted of one-hot
atom features and 3D positions of  nodes,  where atom features are denoted
by  indicating atom types and positions are denoted by ,  is
the dimension of features and  is the number of atoms. To one atom of the
protein,  the  node  feature  can  be  denoted  by ,  and ,  its
position  is .  An  overall  graph  representation  is 

. This 3D graph representation is applied on all
ligands and receptors in this work. For input of dual receptors in the pretrain-
ing  stage,  one  protein  is  the  target  protein  and  another  one  is  randomly
selected which can be any other protein.  While for the tuning stage, the off-
target protein is selected by protein language models.34 Proteins are firstly fed
forward  the  pretrained  protein  language  models  and  embeddings  are
accessed as in Figure 3A.  Coming after  normalization and Cosine similarity,
the similarity score is used to determine if the query protein is the off-target
one.  All  queries  with  low  similarity  scores  below  the  set  threshold  are
selected.

 Structural displacement

PT

PH

Δxi i
N(μ,σ) Δxi ∼ N(μ,σ) μ σ

Instead  of  existing  drug  design  models  taking  only  the  target  protein  as
input during training, we provide both the target protein  and the off-target
protein  as input. Against off-target effects, generated molecules should be
sensitive to different structures of proteins even when the structures are very
close.  This  is  why we let  both  target  and off-target  proteins  be  seen during
training, and create more structure-similar samples next. We expect to create
these  close  enough  structures  of  input  proteins  by  shifting  the  positions  of
atoms  with  structural  displacement.  In  AgainstOTE-R1,  assuming  that  the
random  shifted  displacement  of  the  node  is sampled  from  the  Gaus-
sian distribution , ,  where  is  the mean value and  is

Δxi ∈ ΔX ΔX

G ΔX X
.

the  standard  deviation  of  the  Gaussian  distribution. ,  where 
denotes  displacement  with  the  same  number  of  the  corresponding  protein.
To  any  input  protein  graph ,  we  add  onto  to  simulate  random
displacement of structures  This procedure can be denoted by 

fSD (X) = X+ΔX, (1)
 

where ΔX= {Δxi|i= 1, · · · ,n} , and Δxi ∼ N(μ,σ) . (2)

N
N PT∼fSD

N PH∼fSD

We conduct respectively  times of structural displacement on both target
and  off-target  proteins,  resulting  position  shifted  proteins  for  the
input  target  protein  and  position  shifted  proteins  for  the  input  off-
target protein. Here is the process of random displacement in AgainstOTE-R1
and the  protein  dynamics  simulation  in  AgainstOTE-V1 is  conducted by  the
classical physics-based molecular dynamics simulation.35,36

 Protein targeted molecular generation
PT∼fSD{i} PH∼fSD{j} PT∼fSD PH∼fSD

1≤ i, j≤ N G

G

Respectively to each shifted protein  and  of  and ,
, we expect a molecule generator  to predict the molecular struc-

tures.  The  existing  deep  generative  molecular  generator  Pocket2Mol9 is
exploited as  and the major steps of generating each atom are the same as
Pocket2Mol. Formally with this generator, the generation procedure based on
the position shifted proteins can be denoted by: 

MT{i}
(k) = G

(
MT{i}

(k−1),PT∼fSD{i}
)
,MH{j}

(k) = G
(
MH{j}

(k−1),PH∼fSD{j}
)
,k> 1 and 1≤ i, j≤ N, (3)

 

MT{i}
(k) = G(PT∼fSD{i}) ,MH{j}

(k) = G(PH∼fSD{j}) ,k= 1 and 1≤ i, j≤ N. (4)

MT MH

MT = {MT{i}|1≤ i≤ N} MH = {MH{j}|1≤ j≤ N}
G

The generated  and  are the candidate molecules at the correspond-
ing  binding  sites, , . The  gener-
ated molecules share the same representation as .

 Structural regularization with molecular embeddings

MT MH

As the molecules generated suffer from off-target effects as examined, we
specially design this structural regularization to enforce the molecule genera-
tor  sensitive  to  different  receptors  even  when  the  structures  are  very  close
only  with  position  displaced.  For  accomplishing  the  structural  regularization
network as in Figure 3D, generated molecules  and  are encoded by the
E(3)-equivariant graph  projector,  projecting  the  molecules  from  3D  struc-
tures  into  chemical  embeddings.  MolPCA  is  conducted  on  the  projected
embeddings  for  consistent  molecular  vectors  for  consistent  dimensions.
These  consistent  molecular  feature  vectors  are  supported  for  the  following
constraints.

G X F
X ∈ R3×n F ∈ Rd×n

G l

E(3)-equivariant  molecular  graph  projector.  As  E(3)-equivariant  networks
are confirmed to offer good capabilities at modeling 3D graph structures, we
design  the  projector  with  the  E(3)-equivariant  graph  networks.37-39 This
projector learns  to  encode  the  input  molecule  with  node  features  and  posi-
tions,  performing graph message passing across complex graph.  Assuming
for any molecule which is the format of ,  is the positions of atoms and 
is the node features, , . The projector is comprised of multi-
ple  cascaded  E(3)-equivariant graph  layers,  ensuring  any  independent  posi-
tion  displacement  of  the  original  structures  being  exactly  reflected  in  the
encoded vectors.  To any input molecule ,  the calculation in -th layer is as
follows, 

mj→i = φ e
(
h(l)
i ,h

(l)
j , ||x(l)

i −x(l)
j ||

2
, fj→i

)
, ∀(i, j) ∈ E, (5)

 

mi =
1

⌈N (i)⌉ ∑
j∈N(i)

mj→i, ∀(i) ∈ V, (6)

 

x(l+1)
i = αx(0)

i +(1−α)x(l)
i +

1
⌈N (i)⌉ ∑

j∈N(i)

x(l)
i −x(l)

j

||x(l)
i −x(l)

j ||
φ x (mj→i) , ∀(i, j) ∈ (V,E) , (7)

 

h(l+1)
i = (1−β) ·h(l)

i +β ·φh
(
h(l)
i ,mi, fi

)
, ∀(i) ∈ V, (8)

N (i) i α βwhere  refers  to  the  graph  neighbors  of  node ,  and  respectively
represent weights of position-wise (scalar) and representations-wise (vector)
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φ x

φh

Z ∈ R3×n H ∈ Rd×n H Z

MT MH

skip  connection.  Learnable  parameters  are  stacked  by  shallow  neural
networks passing scalars and  are also stacked by shallow networks pass-
ing vectors. The transformed positions after this projector are represented by

 and  transformed  features  are  represented  by .  and 
reflects  the  sensitive  structural  difference  of  any  input  molecules,  with  this
process going through all generated molecules  and .

H Z

tran(H) tran(Z) Htran Ztran

svd(Htran)

svd(Ztran) Z̃ ∈ R3×k

H̃ ∈ Rd×k k

MolPCA for consistent representations. As the number of atoms of differ-
ent generated molecules are always different which is a non-Euclidean prob-
lem, it is not acceptable for direct calculation between the projected molecu-
lar embeddings. For unifying the dimensions of molecule-based embeddings
with  different  numbers  of  atoms,  we  present  MolPCA.  To  any  transformed
molecular embedding  and , each node feature is stacked as an itemset in
the form of 1-dimensional vector and a transaction is created by stacking all
atoms, each position is operated by the same manner.  This process can be
denoted by  and , resulting the transaction  and . Then
singular  value  decomposition40 is  conducted  on  the  transactions, 
and  separately. The mined features are represented by  and

,  is the consistent dimension designed by MolPCA.

L

MT PT = R(MT) MH

PH = R(MH)

Finally, we stack multiple feed forward layers to output the final features for
calculating  the  constraint.  The  feed  forward  layers  are  first  stacked  by 
blocks of layer normalization40 and feed forward operation.41 One linear layer
and  one  ReLU  layer42 are  cascaded  at  last.  After  the  network,  the  projected
embeddings  of  are  denoted  by  and  the  embeddings  of 
are .

PT

PT PH 2N

Group-center  constraints  for  structural  regularization.  For  regularizing  the
projected  molecular  embeddings,  the  core  consideration  is  that  firstly  the
embeddings from molecules originating from the same input protein should
be evenly  distributed,  required in  the  molecular  group (i.e.,  a  group contains
molecules  originating  from  the  same  input  protein  such  as ).  Meanwhile,
distance between the centers of the group-based embeddings should be still
discriminative like molecules in the group. The group constraint requires the
structures of generated molecules being different from each other even when
the  proteins  are  very  similar  and  the  center  constraint  maintains  the  larger
margin  within  molecules  targeted  at  different  receptors.  To  fulfill  the  group
constraint, inspired by normalized temperature-scaled cross entropy loss (NT-
Xent)  function,43-45 for  and ,  there  are  embeddings  in  one  batch
totally, 

LP→T =
1
N ∑

i,j&i=j

−

log
exp(sim(PT{i},PH{j})/δ)

∑N
j=1 (exp(sim(PT{i},PH{j})/δ+exp(sim(PT{i},PT{j})/δ)

, i, j ∈ {1, · · · ,N} , (9)
 

LT→P =
1
N ∑

i,j&i=j

−

log
exp(sim(PH{j},PT{i})/δ)

∑N
i=1 (exp(sim(PH{j},PT{i})/δ+exp(sim(PH{j},PH{i})/δ)

, , i, j ∈ {1, · · · ,N} ,

(10)
 

where sim(A,B) =
ATB

||A|| ||B||
, (11)

LP→T

LT→P

where δ is the temperature parameter,  regularizes the distance between
all targeted molecules and all off-target ones,  is the same manner.

To fulfill the center constraint, 

LCenter =−log|| 1
N∑N

i=1
PT{i} − 1

N∑N

j=1
PH{j}||. (12)

The  final  group-center  constraints  are  the  combination  of  the  group
constraint and the center constraint.

 Training and testing
For  training  in  the  overall  framework  of  both  stages,  we  take  the  pairs  of

target and off-target proteins as input. Structural displacement is conducted
on input proteins. The training objective is comprised of two parts, molecule
generation and  structural  regularization.  For  molecule  generation,  the  learn-
ing objective is the same as in Pocket2Mol with randomly masking atoms of
molecules  and for  recovering the  masked atoms.  The loss functions of  this

Lfro

Lpos

Lele Lbond

Lgen = Lfro+Lpos+Lele+Lbond

LP→T LT→P LCenter

Lreg = LP→T+LT→P+LCenter

part  include  the  binary  cross  entropy  loss  of  the  frontier  prediction ,  the
negative log likelihood of the masked atom positions , the cross-entropy
losses for the classification of element type and bond type  and . We
denote the objective of this part, . For the struc-
tural  regularization  part,  the  learning  objective  is  composed  of  the  group
constraint ,  and the center  constraint . We denote the objec-
tive  of  this  part  is .  These  two  parts  are  trained
jointly,  the molecule generator  is  optimized while  the regularizer  demands it
against  the  off-target  effect.  As  a  result,  in  the  training  state,  we  aim  to
update the parameters of our model by minimizing the loss function, 

L= Lgen+Lreg. (13)

GWith the model trained, we only need generator  to generate molecules by
feeding the target proteins with the procedure in above equations.

 CrossDocked dataset
The  data  source  is  from  CrossDocked12 dataset,  containing  originally

collected 22.6 million poses of protein-molecule 3D structures, where ligands
with over 1000 Da molecular weight are removed and structures are stripped
of  water  and  aligned  to  the  binding  sites.  The  ligands  with  binding  pose
RMSD greater  than 1 Å are filtered out  and the subset  is  created where the
ligand  is  docked  to  its  cognate  receptor  within  1  Å.26 The  filtered  subset  is
consisted  of  184,057 pairs  of  protein-ligand structures  with  atom positions,
atom  types,  link  indexes,  link  types,  binding  sites,  etc.  For  utilizing  this
dataset,26,9,11 100,000 pairs of protein-ligand 3D structures are randomly split
as the training data from the clusters and 100 pairs are split from the rest as
the  testing  data  for  evaluation  of  the  trained  model.  This  processed  data
supports all experiments conducted in this research.

 Calculation of TSR

M̃ G̃

S=
{
Affinity(m̃i, g̃j) | ∀m̃i ∈ M̃, ∀g̃j ∈ G̃

}
STarget

SOff−Target STarget SOff−Target

For measuring the degree of target binding abilities standing out compared
to  off-target  binding  abilities,  we  select  10  proteins  sequentially,  the  trained
models of the baseline and ours take these proteins respectively as input and
generate around 100 molecules to any one protein. Assuming that the gener-
ated molecules are denoted by , the proteins are  We calculate the dock-
ing  scores  between  each  one  generated  molecule  and  each  one  protein,

, using  QVina2.  Among  these  calcu-
lated scores, ones docked with their target proteins are denoted , those
with off-target proteins are . With  and , we define a tech-
nical measurement to intuitively show the off-target degree, called target-to-
sidelobe ratio, 

fTSR (x,y) =
1

1+ex−y
, (14)

 

x= TopK(STarget) ,y= TopK(SOff−Target) , (15)

fTSR (·) TopK(·) K= 5where  is  the  calculated  results.  is  operated  at  when 
here in this study. This measurement is the higher the better and is inspired
by peak-to-sidelobe rations46 in the visual tracking field.

 Regents and Materials
The MTT Assay Kit (ST316) was purchased from Beyotime Biotechnology

(China);  Antibodies  against  TBK1  (#38066),  IKKε  (#3416)  were  purchased
from  Cell  Signaling  Technology,  Inc  (USA);  The  EGFP-TBK1  plasmids  and
mCherry-IKKε  plasmids  were  constructed  by  CORUES  BIOTECHNOLOGY
(China).  β-actin  antibody  (GB11001-100)  was  purchased  from  servicebio
(China).

 Cell culture
HEK293T  cells  and  MC38  cells  were  cultured  with  RPMI 1640 medium

separately supplemented with 10% FBS and 1% penicillin/streptomycin.

 3-(4,5-Dimethylthiazol-2-yl)-2,5-diphenyltetrazolium  bromide  (MTT)
assay

The MC38 cells were seeded into 96-well plates at a density of 1 × 104 cells
in  100  μl  of  complete  medium  and  incubated  at  37  °C.  At  the  end  of  each
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experiment,  removing  the  96-well  plate  from  the  incubator  and  discard  the
culture medium. Add 10 μL of 5 mg/mL MTT solution to each well. Return the
plate to the incubator and incubate for 4 h. Carefully aspirate and discard the
supernatant  from  each  well.  Add  150  μL  of  Dimethyl  Sulfoxide  (DMSO)  to
each well  to dissolve the formazan crystals.  Vortex the plate for 10 minutes
to  ensure  complete  dissolution.  Measure  the  absorbance  (OD  value)  at  490
nm using a microplate reader.

 Microscale Thermophoresis (MST) assay
HEK293T  cells  were  transfected  with  EGFP-TBK1  plasmids  or  mcherry-

IKKε plasmids.  After  48 h,  the cells  were lysed and centrifuged.  Each ligand
diluent was incubated with an equal volume of cell lysate for 10 min. For the
measurement,  each ligand dilution was mixed with  one volume of  cell  lysis,
which  led  to  a  final  fluorescence  of 6000 and  final  ligand  concentrations  in
the nmol/L to mmol/L range. After 10 min incubation followed by centrifuga-
tion at 10,000 g and 4 °C for 10 min, the samples were loaded into Monolith
NT.LabelFree  zero-background  capillaries  (NanoTemper  Technologies).
MO.Affinity Analysis v2.3 software was used to analyze the data.

 Cellular thermal shift assay (CETSA)
MC38 cells were treated with Pentoxifylline at different concentrations, and

the control group added DMSO of the same volume, and two groups of cells
were collected after 2 h. Two groups of cells were washed twice and resus-
pended with 500 mL of PBS at the last time. Both groups are divided into 10
servings,  each of  which is  50 mL,  and loaded into a  PCR tube.  Set  the PCR
meter  to  10  temperature  gradients  (43,  46,  49,  52,  55,  and  58  °C)  to  each
sample  in  the  control  group  corresponds  to  a  temperature  for  3  min.  The
protein was evaluated by Western blot using the indicated antibody.

 Western blot
Cells were  lysed  in  lysis  buffer  supplemented  with  protease  and  phos-

phatase inhibitor.  Proteins  were  quantified  by  the  Bradford  assay (HyClone-
Pierce).  Equal  quantities  of  proteins  from  different  samples  were  separated
on  SDS-PAGE  gels  and  transferred  onto  polyvinylidene  difluoride
membranes. The cropped membranes were hybridized with different primary
antibodies  at  4  °C  overnight,  washed  three  times  with  phosphate-buffered
saline  containing  0.1%  Tween20  (PBST),  and  incubated  with  the  secondary
antibodies  of  the  corresponding  species  for  1  h.  Detection  was  performed
using a LumiGLO chemiluminescent substrate system.

 Chemistry
The synthetic route of 3,7-dimethyl-1-(5-oxohexyl)-3,7-dihydro-1H-purine-

2,6-dione  (Pentoxifylline):  A  mixture  of  theobromine  (0.45  g,  2.5  mmol),  6-
chloro-2-hexanone (0.34 g, 2.5 mmol), potassium carbonate (0.69 g, 5 mmol),
tetrabutylammonium iodide (10 mmol%) and dimethylformamide (5 mL) was
stirred  for  8  h  in  100  °C.  Then  the  DMF  excess  was  removed  on  a  rotary
evaporator.  The  residue  was  extracted  with  petroleum  ether  (20  mL)  to
remove  remained  electrophilic  reagent  and  next  the  product  was  extracted
with  CH2Cl2 (20  mL).  The  undissolved  material  was  filtered  off.  The  filtrate
was concentrated  under  reduced  pressure  and  purified  by  column  chro-
matography  on  silica  gel.47 The  synthetic  route  of  5-chloro-2-(2,4-
dichlorophenoxy)  phenol  (Triclosan):  4-Chloro-2-methoxyphenol  (3.17  g,  20
mmol,  1.0 equiv),  1,3-dichloro-4-fluorobenzene (6.60 g,  40 mmol,  2.0 equiv),
and Cs2CO3 (13.04 g, 40 mmol, 2.0 equiv) were dissolved in dry DMF (50 mL)
and  stirred  at  130  °C  for  14  h.  The  reaction  mixture  was  cooled  to  room
temperature and poured into H2O (200 mL), and the products were extracted
into EtOAc (3×100 mL). The combined organic phases were washed with H2O
(100 mL), dried over Na2SO4, filtered, and concentrated in vacuo to give crude
material  as  a  yellow  solid,  which  was  purified  by  recrystallization  from
CH2Cl2/EtOAc  to  give  the  pure  intermediate  product  as  a  white  crystalline
material. The intermediate was placed into a round-bottom flask, which was
evacuated and refilled with Ar, followed by addition of dry CH2Cl2 (to prepare a
0.1 M solution).  The flask was cooled to −78 °C, and BBr3 (1.0 M solution in
CH2Cl2,  5  equiv)  was  added  dropwise.  The  reaction  mixture  was  warmed
gradually  to  room  temperature  within  1  h,  and  stirring  was  continued  for  a
further 2.5–3 h. The reaction was terminated by the addition of H2O, and the
products  were  extracted  into  CH2Cl2 (2×25  mL).  The  combined  organic

phases  were  dried  over  Na2SO4,  filtered,  and  concentrated  in  vacuo  to  give
crude  material,  which  was  subsequently  purified  by  preparative  HPLC.48

Pentoxifylline  and  Triclosan  were  characterized  by  NMR  for  their  structural
information, and the results can be found in Figures S1-S2.

 RESULTS
 Overview

Our work  is  consisted  of  several  main  parts.  At  first,  we  conduct  prelimi-
nary experiments to examine if AI-generated molecules suffer from off-target
effects,  as  in Figure  1A.  Supported  by  the  released  CrossDocked  receptor-
ligand  pairs  of  data,  the  SOTA  molecular  generation  model  Pocket2Mol  is
reproduced and used to generate candidates for each pocket in test set. Then
we  calculate  docking  scores  between  all  molecules  generated  and  proteins
with QVina2. By statistically analyzing the docking scores, off-target effects in
AI-generated molecules are examined. In the second part, we design a gener-
ative  pretrain-tune  framework  for  molecular  generationagainst  off-target
effects, as in Figures 1B-C. Trained models take target pockets as input and
output  molecules  with  desired  properties  as  in Figure  1D. Extensive  experi-
ments are conducted to check the behaviors of  this framework as in Figure
1E.  Mathematical  expressions and more details are available in MATERIALS
AND METHODS section.

 Preliminary  experiments  on  examining  off-target  effects  in  AI-gener-
ated molecules

The experimental  pipeline is  in Figure 2A.  In  the first  step,  we reproduced
the  SOTA  3D  molecular  generation  model  Pocket2Mol  with  the  released
model trained with the CrossDocked dataset. This generative model takes the
protein as input and produces the molecules at the binding site.  We took all
100 proteins in test set and generate around 100 molecules for each protein,
resulting totally around 10,000 molecules.

As  off-target  effects  illustrate  the  phenomenon  that  molecules  can  be
docked with off-target proteins,8 in the second step we calculated the dock-
ing  scores  between  the  generated  molecules  and  proteins  including  both
target and off-target ones with QVina2. For simulating molecules entering the
biological environment where a molecule meets many other proteins, we took
the molecules generated from the first 20 proteins in order and all proteins in
this  stage.  As  around  100  molecules  were  generated  from  each  protein,
docking calculations were densely operated between around 2,000 molecules
and 100 proteins, resulting 200,000 times of docking calculation, which costs
around 1 month.

In the third step,  we conducted multiple dimensions of statistical  analysis
on  these  calculated  docking  scores,  including  the  top  K  off-target  versus
target  affinity  of  each  molecule  as  in Figure  2B,  proportion  of  off-target
molecules as in Figure 2C and heatmap of all calculated docking values as in
Figure 2D. Specifically, top K off-target versus target affinity of each molecule
refers  to  how  likely  one  generated  molecule  would  be  docked  with  other
proteins,  where the target affinity is represented as docking scores between
molecules  and  target  proteins,  while  the  top  K  off-target  scores  are  mean
values  of  largest  K  docking  scores  between  molecules  and  off-target
proteins. We compiled top 10 off-target scores, top 20 off-target scores and
target  scores  of  any  molecule.  Proportion  of  off-target  molecules  illustrates
that  the  proportion  of  generated  molecules  which  prefer  docking  with  off-
target  proteins at  their  binding sites than the target,  where the proportion is
represented by the number of these off-target molecules versus the number
of  molecules  prefer  their  target.  The  off-target  molecule  in  this  study  is  a
molecule  that  has  a  lower  docking  score  with  any  other  protein  than  its
target. Heatmap of all  calculated docking values shows the docking stability
between molecules and proteins completely,  any one pixel  in this plot is the
actual  molecule-protein  docking  value.  Through  this  stage  of  statistics,  it  is
evident that off-target effects widely exist in AI-generated molecules.

Specifically,  through Figure  2B,  to  molecules  generated  based  on  the  20
proteins, the distributions of both top 10 and top 20 docking scores with off-
target  proteins  are  showing  lower  affinity  compared  to  the  distributions  of
docking scores with their targets. This phenomenon happens in 19 out of 20
pockets. It indicates that AI-generated molecules are more likely to bind with
other proteins other than the target protein. From the statistics in Figure 2C,
to molecules generated from the 20 pockets, the proportions of them are not
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satisfactory,  almost  half  of  them are  higher  than 50%,  where  the  proportion
means  how  many  off-target  molecules  would  show  in  the  generated
molecules.  This reveals the high risk of  AI-generated molecules that  a large
number of generated molecules are likely off-target. From statistics in Figure
2D,  heatmap of all  calculated docking values,  as the molecules are targeted
at the first 20 pockets, the docking scores between these molecules and the
first  20  pockets  should  have  been  expected  to  be  the  lowest  (where  the
lowest  score  means  the  best  affinity,  denoted  by  red  in  the  figure),  but  the
heatmap  shows  the  results  far  from  this  expectation.  The  generated
molecules  are  more  likely  to  exhibit  lower  affinity  with  other  protein  at  their
binding sites. This heatmap comprehensively shows that there is a high risk
for AI-generated molecules applying in continuous development even clinical
experiments, where off-target effects are widely found in these molecules.

 Training stage 1: pretraining AgainstOTE-R1
During the pretraining pipeline of AgainstOTE-R1, for observing both target

and off-target proteins in the dual-receptor cooperative training process, we
consider  (i)  3D  graph  representations  of  ligands  and  receptors  of  both
proteins  as  input.  (ii)  Structural  displacement  is  conducted  to  process  the
input  data,  simulating  the  conformational  changes  of  proteins  caused  by
random  motion  of  atoms,  creating  multiple  structural  similar  samples.
Protein-targeted  molecular  generation  mainly  provides  the  generator  to
produce  the  molecules  targeted  on  each  of  input  samples.  We  specially
designed (iii) a regularizer as in Figure 3D to embed the generated molecules
into chemical latent space and (iv) the structural regularization to enforce the
generator  producing  compounds  with  discriminative  structures  sensitive  to
different receptors even when they are very similar in a molecular contrastive
learning architecture as in Figure 3E.

3D graph representations of ligands and receptors. The representations of
molecules are varied from 1D descriptors like simplified molecular input line
entry  system  (SMILES),49,50 2D  graphs17 and  3D  structures.9,26 SMILES  is  a
standardized  lexical  representation  employed  to  encode  the  structure  of
molecules with textual strings encapsulating the molecular topology such as
ring  formations,  branching  patterns  and  connectivity.49 Boyle  et  al.50 intro-
duced  DeepSMILES,  a  probabilistic  model  dealing  with  common  invalid
syntax issues, to generate SMILES strings with desired properties. 2D graphs
describe  the  two-dimensional  topological  structure  of  molecules.17 A
molecule is represented as a graph with atoms as nodes and chemical bonds
as  edges  interconnecting.  Jin  et  al.17 presented  a  junction  tree  variational
autoencoder  that  generates  the  2D  molecular  graphs  through  a  two-stage
process,  with  a  tree-structured  framework  encompassing  chemical
substructures and  subsequently  utilizing  a  graph  message  network  to  inte-
grate  these  substructures  into  a  cohesive  molecule.  In  our  pipeline,  we  use
3D  graph  representations  which  describe  molecules  as  the  three-dimen-
sional  topological  structures,  where  the  3D  graph  consists  of  nodes  and
edges.  With  nodes  representing  atoms  by  one-hot encoding  and  3D  posi-
tional  features,  edges indicating interatomic connectivity,  this representation
is  applied  uniformly  to  all  ligands  and  receptors  in  this  study,  allowing  our
explorations of molecular interactions in 3D space.

Structural  displacement.  For  simulating  conformational  changes  of
proteins caused by random movement of atoms due to the cellular response
to  external  stimuli,8 multiple  augmenting  samples  of  input  are  created  by
structural  displacement.  For  randomly  shifted  displacement,51 the  position
offset  vectors  are  sampled  from  the  Gaussian  distribution  controlled  by  its
mean  value  and  standard  deviation.  This  random  offset  vector  is  added  to
positional  features  of  any  input  graph.  Through  this  augmentation,  we  gain
multiple augmented versions of both target proteins and off-target ones. This
is  for  continuous  operations  expected  for  meanly  distributing  the  distances
between molecules even generated from similar proteins undergoing confor-
mational  changes.  With  the  structural  shifted  versions  of  input,  a  molecular
generator  is  expected  to  generate  molecules  for  each  one  of  the  structural
shifted  proteins.  The  existing  deep  generative  molecular  generator
Pocket2Mol  is  exploited  as  the  component  of  protein-targeted  molecular
generation.  This  generator  in  our  pipeline  is  expected  to  design  molecules
given by any input from structural displacement.

Consistent  molecular  embeddings  from  the  regularizer.  This  module  is
specially  designed  for  this  pipeline.  It  is  jointly  trained  with  the  generator,

enforcing  the  generator  to  generate  molecules  against  off-target  effects.
Structural  regularization  is  accomplished  by  a  regularizer  embedding  the
molecules  into  projected  latent  molecular  space  and  group-center
constraints  evenly  distributing  the  embedded  features.  The  details  of  the
regularizer  are  accessed  in Figure  3D.  It  comprises  of  an  E(3)-equivariant
molecular  graph  projector,  the  molecular  principal  component  analysis
(MolPCA) and feed forward layers. We place an (i) E(3)-equivariant molecular
graph projector at the initial of the regularizer to encode input molecules with
node features and positions. As E(3)-equivariant networks37-39 are confirmed
to  offer  good  capabilities  at  modeling  3D  graph  structures,  E(3)-equivariant
graph networks are expected to perform graph message passing across the
complex graph. As the number of atoms from different molecules are always
different  which  is  a  non-Euclidean  problem,33 it  is  not  acceptable  for  direct
calculation  between  the  projected  molecular  embeddings.  For  unifying  the
dimensions  of  embedding  with  different  numbers  of  atoms,  we  present  (ii)
MolPCA.  In  MolPCA,  node  features  and  edge  features  of  each  input  graph
vector are transformed into a transaction for continuous mining.52 By stack-
ing  each  node  as  an  itemset  in  the  form  of  1D  vector  and  a  transaction  of
node features is created. The transaction of edge features is the same. Prin-
cipal  component  decomposition  is  operated  on  the  created  transactions  to
find  the  prominent  feature  vectors  and  feature  values,53 the  unified  feature
vectors are accessed by specifying a fixed dimension. Finally, we stack multi-
ple  (iii)  feed  forward  layers  consisting  of  layer  normalization,40 multilayer
perceptron,41 linear  layers  and  ReLU42 to  output  the  final  features  from  the
regularizer for continuous calculating the constraints.

Structural normalization in a molecular contrastive learning architecture. A
molecular  contrastive  learning  architecture  implemented  by  group-center
constraints  requires  the  evenly  distribution  of  molecular  features  in  both
group-based embeddings and center-based embeddings, the combination of
the group constraint and the center constraint. In this study, a group refers to
molecular  features  originated  from  the  same  input  protein  and  the  center
means the center of features in each group. The group constraint is inspired
by  normalized  temperature-scaled  cross  entropy  loss,43 requiring the  struc-
tures  of  generated  molecules  being  discriminative  from  each  other  even
when  the  proteins  are  very  similar.  The  center  constraint  punishes  the
distance  between  the  feature  centers  of  different  groups,  maintaining  the
difference  of  generated  structures  for  different  receptors.  Hyperparameters
and settings for experiments are available in Table S1.

 Training stage 2: tuning AgainstOTE-V1 from the R1 model
During  the  tuning  stage  of  AgainstOTE-V1  which  is  somewhat  different

from the R1 version,  an additional  selection of heterogeneous structures for
more  district  determination  of  off-target  proteins  is  conducted  and  the
random  sampling  of  protein  conformations  is  replaced  by  a  more  physical
manner with molecular dynamics simulation.

Off-target  selection  for  heterogeneous  structures  by  protein  language
models. General-purpose protein language models have emerged as power-
ful  tools  for  extracting  biochemically  meaningful  embeddings  from  protein
amino  acid  sequences,  offering  compact  representations  that  encapsulate
functional  and  structural  information.34,54 By  leveraging  transformer-based
architectures  and  techniques  like  masked  language  modeling,55,56 these
models can automatically learn complex sequence-function relationships.57,58

In  this  advanced V1 version,  we select  more district  off-target  proteins with
heterogeneous  structures  as  tuning  samples.  With  implementation  of  the
protein  language  model,34 we  design  a  pipeline  for  selection.  Proteins  are
firstly  fed  forward  the  pretrained  protein  language  models  and  embeddings
are accessed as in Figure 3A. By a series of normalization and Cosine simi-
larity,  the  decisive  score  is  calculated  for  determining  if  the  query  protein  is
the  off-target  one  for  the  target.  By  setting  a  boundary,  all  queries  with  low
similarity scores are selected as off-target proteins.

Structural  displacement  by  molecular  dynamics.  Different  from  random
sampling in R1 version, here we use physically temporal simulation of protein
structures  by  molecular  dynamics.35,36 Molecular  dynamics  simulation  plays
an important role in computational biophysics, providing atomic-level insights
into biomolecular behaviors over time horizons.59 By numerically solving clas-
sical Newton’s equations of motion for all atoms in a dynamic system, it can
reveal  motion  processes  such  as  protein  folding,60 ligand  binding61 and
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conformational changes62 that are difficult to observe. By utilizing this simu-
lation as structural displacement, multiple augmented proteins with physical

sampling  temporal  trajectories  are  produced,  instead  of  randomly  shifted
positions of atoms in proteins.

 

Figure 4.  Evaluation  in  chemical  properties (A)  Comparison  of  chemical  properties  reports  chemical  properties  including  QED,  SA,  LogP and  Lipinski  of  existing  models  and
AgainstOTE. (B) Distributions in HBA, HBD, MW and TPSA of generated molecules from the baseline and AgainstOTE are plotted. (C) An example of molecules generated towards
IRAK4 by AgainstOTE is given. (D) Ablation study with N and L investigates the influence of structural displacement and structural regularization in chemical properties. (E) TSR
and diversity of drug models are plotted.
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 Overall  performance  in  chemical  properties  of  molecules  generated  by
AgainstOTE

After  inferencing novel  molecules with trained models given by any query
pocket,  extensive  evaluation  was  conducted.  In Figure  4A,  we  present  the
statistical results of several chemical metrics calculated based on molecules
generated  by  existing  models  including  LiGAN,63 AR,26 GraphBP,64

Pocket2Mol,  FLAG27 and  AgainstOTE.  The  molecules  were  generated  from
the  100  proteins  in  the  test  set  of  CrossDocked  dataset,  and  around  100
molecules  were  produced  for  each  protein.  Chemical  properties  include
QED,65 SA,66 LogP67 and Lipinski.68 Detailed descriptions of metrics are avail-
able  in  Supplemental  Information.  Results  show that  chemical  properties  of
AgainstOTE are optimistic, where highest QED indicating better drug-likeness

than  those  from  existing  models,  highest  Lipinski  implying  the  balance
between solubility and permeability better. The partition coefficient related to
LogP is in the appropriate range. Another side brought by this pipeline is that
synthetic accessibility is struggling from the results in SA, though still accept-
able, especially for the finetuned V1 model the synthetic accessibility is highly
improved. Numerical numbers are given as in Table S2. Detailed experiments
are arranged as below.

Distribution  of  chemical  attributes.  In Figure  4B,  we  display  chemical
attributes  of  molecules  generated  by  the  baseline  Pocket2Mol  and  ours
AgainstOTE.  Attributes  include  number  of  hydrogen-bond  acceptors  (HBA),
number  of  hydrogen-bond donors  (HBD),  molecular  weight  (MW) and topo-
logical polar surface area (TPSA). It can be witnessed that the distribution of
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Figure 5.  Experiments on selection of off-target proteins by protein language models (A) Similarity matrix from protein pairs is given to show the resulting protein-protein simi-
larity. Each value in the matrix represents the structural similarity between the target protein and query one, where the similarity scores of protein pairs on the diagonal are all
one. (B) Protein embeddings of pretrained protein language models are visualized. (C) Distributions of selected off-target receptors at different settings of off-target boundary are
given. (D) The chemical performance is calculated for AgainstOTE with different boundary thresholds. (E) The binding ability for changing the boundary thresholds is plotted. Both
target and off-target binding affinity are considered.
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two different samples is similar for molecules generated by the baseline in all
attributes.  However,  for  both  versions  of  AgainstOTE,  distributions  of  two
different samples are far from each other. It illustrates that generated struc-
tures for  different  proteins  of  AgainstOTE  are  more  discriminative.  If  struc-
tures of the molecules are more similar to the ones belong to other proteins,
these molecules are more likely to bind with off-target proteins, causing off-
target effects. The distribution from AgainstOTE appears more in line with our
expected  molecular  characteristics  against  off-target  effects.  An  example
targeted at IRAK4 of AgainstOTE is illustrated as in Figure 4C. It can be seen

that in this case the target binding affinity and off-target binding affinity are
both improved while the generated structures seem both appropriate.

N L

N= 1

N

Influence of N and L from Against OTE-R1 in chemical properties. In Figure
4D, we show the influence of  and  in chemical properties of AgainstOTE-
R1  to  report  the  investigation  on  settings  of  designed  architectures.  When

,  the  structural  displacement  is  not  working,  scores  of  all  metrics  are
the  lowest.  This  means  the  structural  displacement  is  necessary  in  our
pipeline, with perturbation noise creating more augmenting samples to simu-
late  the  conformational  changes of  proteins  is  helpful.  On the  contrary,  if 

 

Figure 6.  Detailed experiments on structural displacement by molecular dynamics simulation (A) Visualization of protein structures from different time steps after molecular
dynamics simulation in AgainstOTE-V1 and structures from random sampling in AgainstOTE-R1. (B) Ramachandran plot analysis on corresponding structures in A is provided.
(C) The synthesis accessibility and affinity from R1 version to V1 version are visualized. (D) Chemical performance of different simulation steps is calculated.

ARTICLE

12  　　　The Innovation Medicine 3(4): 100158, November 27, 2025 www.the-innovation.org/medicine

https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine


N= 2
L

L

becomes larger, there are more randomly shifted proteins during one time of
training. With cost of computation becoming larger,  the distribution of these
samples is also more difficult. It is observed that  is the best choice. In
another side,  indicates stacking how many forward layers in the projector,
the nonlinear transforming abilities grow with larger . Results show that the
choice of this parameter should be 2 in R1 version, indicating that the struc-
tural regularization being too weak is not a wise choice, yet too strong is also
not welcome. The numerical numbers are given as in Table S3.

Diversity and TSR comparison between existing drug models and ours. In
Figure 4E, we plot the variations in diversity9 of drug models when the ability
against  off-target  effects  described  by  TSR  becomes  better.  Detailed
descriptions  of  diversity  are  available  in  Supplemental  Information.  Results
show  that  AgainstOTE  achieves  superior  performance  against  off-target
effects. With the TSR becomes better, the diversity of generated molecules of
our models still  show better behavior which may be the reason that model-
ing  structural  displacement  of  proteins  is  beneficial  for  generating  plausible
and diverse results.

 Experiments  on  selection  of  biochemically  meaningful  off-target
proteins indicate effectiveness

In Figure  5A,  proteins  were  fed  forward  the  pretrained  protein  language

model34 and Cosine  similarity  scores  were  calculated  from  protein  embed-
dings  (Figure  5B).  The  protein-protein  similarity  scores  on  the  diagonal  are
the same ones, so the scores are all one. It can be seen that quite numbers of
protein  pairs  can  be  selected  as  candidates  for  off-target  proteins.  When
settings  of  off-target  boundary  thresholds  become  larger,  more  and  more
query proteins are selected as off-target ones for tuning as in Figure 5C. The
chemical  performance  of  these  different  settings  in Figure  5D  shows  the
recommended  setting  of  off-target  boundary  is  0.5  in  AgainstOTE-V1.  The
target  and  off-target  binding  affinity  also  suggest  the  same  settings  as  in
Figure 5E.

 Experiments on structural displacement by molecular dynamics simula-
tion

In Figure 6A,  3D structures of  the reference protein without displacement,
the displaced proteins after different steps of molecular dynamics simulation
and  the  randomly  sampled  proteins  are  visualized.  In  the  visual  light,  these
structures appear similar.  However,  through Ramachandran plot analysis as
in Figure  6B,  we  observe  that  the  proteins  following  molecular  dynamics
share  similar  distributions  as  the  referenced  protein,  while  the  distributions
from randomly sampled proteins are somewhat different. This indicates that
the  molecular  dynamics  simulation  in  the  V1  model  is  more  complied  with
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Figure 7.  Evaluation of off-target effects (A) Affinity with respectively target proteins, affinity with off-target proteins and target-to-sidelobe ratios of baseline and AgainstOTE
are plotted. (B) PMI plots respectively represent features of dimensionality reduction from 3D structures of molecules generated by the baseline and AgainstOTE. From normal-
ized PMI, the distribution of 3D structures can be observed, with the clusters close the 3D structures being similar. (C) Molecular features are visualized for the baseline and ours.
There are two target samples and two off-target samples. Distance in the plots implies the similarity in regularized chemical latent space. Considering the structural similarity in
off-target  selection  for  test  set,  (D)  numbers  of  selected  pairs  of  target  and  off-target  proteins  are  plotted.  (E)  Evaluation  under  different  structural  similarity  threshold  is
presented.
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physically temporal variations of molecules in nature than random displace-
ment  in  the  R1  version.  With  respect  to  this  situation,  we  think  the  reason
about  molecular  dynamics  simulation  (V1)  appears  better  than  random
perturbation (R1) may be in two aspects. One is related to energy minimiza-
tion  processes,  where  energy  minimization  in  molecular  dynamics  reduces
the  system  potential  energy  by  optimizing  atomic  positions,  leading  to  a
stable  molecular  conformation.  This  avoids  the  risk  resulting  the  system  in
high-energy states, e.g., atomic clashes or distorted bond angles which may
be caused by random perturbations.  Another  reason may relate  the Newto-
nian mechanics.  Molecular  dynamics simulation solves Newton’s  equations
of  motion,  enabling  atoms  to  temporally  evolve  on  the  potential  energy
surface following physical laws rather than random movement. So the simu-
lation  in  V1  captures  more  accurately  real  molecular  behaviors.  Meanwhile,
the  synthesis  accessibility  and  target  affinity  of  AgainstOTE-V1  are  also
better  than  the  R1  model  as  in Figure  6C.  For  investigating  the  influence  of
different simulation steps in molecular dynamics, different settings of 50, 100
and  150  steps  are  experimented  as  in Figure  6D.  Results  show  that  his
setting is not sensitive especially when the steps are large enough, where the
difference is not evident when steps are 100 and 150.

 Evaluation of off-target effects for AgainstOTE
For  comprehensively  evaluating  the  ability  of  models  against  off-target

effects,  we designed a systematic  measurement  called target-to-side ratios
(TSR)  which  highlights  the  likelihood  for  a  generation  model  to  produce
molecules  binding  to  target  proteins  other  than  off-target  ones,  which  is
inspired  from  peak-to-sidelobe  ratios46 in  visual  tracking  field.  The  specific
method of TSR please refer to Methods. In addition to TSR, we also reported
affinity with target proteins and affinity with off-target proteins. In this stage,
we selected 10 proteins  in  test  set.  We use the  trained AgainstOTE and the
baseline  to  respectively  generated  around  100  molecules  for  each  protein.
Then docking scores between molecules and all proteins were calculated by
QVina2. Affinity to target proteins, affinity to off-target proteins and TSR were
plotted in Figure 7A. It can be seen from these plots that TSR of AgainstOTE
is much higher than baseline, implying the evident progress against off-target
effects.  Meanwhile,  the  affinity  with  off-target  proteins  is  significantly
increased, meaning that the binding possibilities with other proteins are down
much.  In  another  side,  the  affinity  with  target  proteins  by  AgainstOTE-V1  is
decreased  at  the  acceptable  range,  though  this  performance  from  R1  is
negative. The detailed numerical data is presented in Table S4.

Analysis  of  principal  moment  of  inertia.  We  employed  the  molecular
descriptors  of  the  principal  moment  of  inertia69 (PMI)  to  characterize  3D
structures  of  molecules.  As  in Figure  7B, by  examining  the  plotted  distribu-
tion of the normalized PMI, it is observed that generated molecules for differ-
ent  pockets  of  baseline  are  clustered  in  little  distance,  yet  ours  are  very  far
from  each  other.  This  demonstrates  that  AgainstOTE  series  models  are
capable  of  producing  the  structural  discriminative  molecules  for  different
proteins,  avoiding  the  similar  structures  of  different  samples  binding  to  the
same protein causing off-target effects.

Distribution of molecular features. We used UMAP70 to visualize molecular
features embedded by the regularizer. As in Figure 7C, it can be seen that the
molecular  distances  of  candidates  from  target  proteins  are  far  from  each
other yet the distances of molecules from off-target proteins are very close to
the  baseline.  It  indicates  the  baseline  is  not  good  at  dealing  with  off-target
effects. On the contrary, molecular distances are evenly distributed for Again-
stOTE  series  models,  especially  the  distances  between  molecules  from
different  proteins  are  quite  far  at  a  proper  margin.  These  results  show  that
molecules  generated  by  ours  are  more  likely  to  behave  against  off-target
effects.

Distribution  of  features  for  proteins.  We  also  used  UMAP  to  visualize
features of proteins produced by the trained generator from AgainstOTE. As
AgainstOTE is expected to simulate conformations of proteins even when the
structures are very  similar,  as in Figures S3-S4,  it  shows that  the visualized
features  of  proteins  are  evenly  distributed  as  we  expect.  Distance  between
proteins  with  similar  3D structures  is  close  while  maintaining discriminative
and the distance between ones with distinctive structures is quite far.

N L
Influence  of  N  and  L  from  AgainstOTE-R1  in  evaluation  of  off-target

effects.  We also did ablation study of  and  in the angle of being against

N L

off-target effects. The results are available as in Table S5 and Figure S5. For
confirming  this  analysis  in  candidates  from  all  proteins  taken  here,  we
provide the overall performance of molecules generated for each pocket as in
Figure S6. From these data, it is observed that TSR and affinity with off-target
proteins  are  improved  by  a  large  margin,  meanwhile  the  affinity  with  target
proteins  is  not  in  an  intense  decline  in  pocket-level  results.  Additionally,
further  detailed  influence  varied  with  and  in  different  pockets  is
presented as in Figures S7-S16.

Evaluation instructed by structural similarity. Considering the potential bias
in this evaluation from off-target selection based on structural  similarity,  we
present  results  under  different  similarity  threshold.  The  activated  pairs  of
target  and  off-target  proteins  are  plotted  as  in Figure  7D. For  pairs  resem-
bling  proteins  in  this  evaluation  setting,  binding  affinity  with  target  proteins,
affinity  with  off-target  ones and TSR are  plotted in Figure  7E.  These results
indicate that structural similarity can influence the evaluation results. On the
other  hand,  results  suggest  that  appropriately  introducing  proteins  with
structurally dissimilar structures as off target proteins is beneficial. This may
be  because  off-target  effects  are  widely  present,  not  only  in  quite  similar
structural domains, but also in domains with a certain degree of discrimina-
tive structures.

 Visualization of generated conformations
We  selected  TBK1_HUMAN  with  developing  potential  of  avoiding  side

effects in clinical application and use AgainstOTE series models to generate
plausible  molecules  for  these  pockets.  We  visualized  molecules  at  binding
sites, 3D structures and chemical formula of generated molecules. In Figure
S17,  molecules  generated  are  plausible.  This  indicates  that  our  model  has
potential  to  generate  different  answers  to  bind  with  the  target,  meanwhile
less likely to bind with other proteins. More examples are available in Figures
S18-S23.

 Biological selective evaluation on TBK1/IKKε kinases guided by TSR
To  study  the  quantitative  off-target  selectivity  of  AgainstOTE  in  practical

applications, we selected TBK1 (target protein) and its closely related kinase
IKKε (off-target protein) as a compelling case, on which we conduct both AI
simulation-based evaluation and biological experiments. As in Figure 8A, we
provided  main  procedures  especially  for  biological  experiments.  We  firstly
provided  quantitative  selectivity  study  as  in Figure  8B,  including  the  affinity
with  both  kinases  and  TSR  scores  between  baseline,  AgainstOTE-R1  and
AgainstOTE-V1. Results show that our proposed framework helps inhibit off
target  effects.  TSR  calculation  is  conducted  on  the  large-scale  bioactive
PDBbind71 database and we report the rankings results sorted by TSR guid-
ance  as  in Figure  8C,  where  the  higher  TSR  illustrates  better  preference
towards the target TBK1 and the lower case means the opposite. By chemi-
cal  synthesis  of  TSR guided Triclosan with  higher  TSR preferring TBK1 and
Pentoxifylline  with  lower  TSR  preferring  IKKε,  synthesized  compounds  are
used  for  subsequent  biological  validation.  We  then  quantitatively  measured
the binding affinity of the identified compounds toward both TBK1 and IKKε
using  microscale  thermophoresis  (MST).  Results  show  that  there  is  higher
binding affinity between Triclosan and TBK1 compared to IKKε, while Pentox-
ifylline  exhibits  higher  binding  affinity  toward  IKKε as  in Figure  8D,  which  is
complied with our expectation. Given the greater difference in binding affinity
of  Pentoxifylline  toward  TBK1  versus  IKKε,  we  conducted  further  functional
studies  on  Pentoxifylline.  Previous  studies  have  shown  that  Pentoxifylline
inhibits  tumor  cell  proliferation,  while  IKKε  and  TBK1  play  critical  roles  in
tumor cell proliferation.72-74 Therefore, we conducted the MTT assay to evalu-
ate the effect of Pentoxifylline on the proliferation of MC38 cells. The results
showe that Pentoxifylline inhibits the proliferation of MC38 cells at 24 h and
48 h as in Figure 8E. Then we confirmed the engagement between Pentoxi-
fylline and these two kinases using cellular thermal shift assay (CETSA). The
data  demonstrates  that  Pentoxifylline  significantly  enhances  the  thermal
stability  of  IKKε,  maintaining  this  effect  even  at  higher  temperatures,
compared  to  the  control  group  (DMSO).  In  contrast,  Pentoxifylline  does  not
exert  a  significant  enhancing  effect  on  the  thermal  stability  of  TBK1  as  in
Figure 8E.

 DISCUSSION
In this section, we discuss several key limitations in this study. (i) From our
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εFigure 8.  Biological receptor selectivity reveals reduction of risk against off-target effects on target TBK1 and off-target IKK  kinases (A) Main experimental pipeline. This
pipeline instructs experimental  procedures conducted. (B) Quantitative selectivity towards both kinases is conducted to enhance the evaluation of our framework against off-
target effects. We report the TSR scores on PDBbind bioactive compounds towards TBK1 and IKKε kinases as in (C), then we select two compounds respectively prefer TBK1
and IKKε. One is Triclosan which showing higher TSR with the expectation preferring TBK1 and another is Pentoxifylline showing lower TSR with the expectation preferring IKKε.
After chemical synthesis, in (D) the interaction of Triclosan and Pentoxifylline with IKKε or TBK1 was measured by microscale thermophoresis (MST). (E) Cell viability of MC38
cell was measured using MTT assay after treating cells with Pentoxifylline (0-2.5 mM) for 24 h or 48 h, P values are determined by two-tailed Student’s t-test. **p<0.01 compared
to Pentoxifylline (0 mM). The cellular thermal shift assay (CETSA) was conducted to analyze the thermal stabilization of both kinases at different temperatures in response to
Pentoxifylline (2.5 mM) in MC38 cells for 48 h.
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experiments,  in  the  optimistic  light,  most  of  properties  like  drug-likeness,
solubility,  permeability  and even the measurement against  off-target  effects
can be positive by AgainstOTE.  But  in  another  side,  the synthetic  availability
and the binding affinity with target proteins can also be degraded. This is the
most  significant  trade-off  in  this  study.  Although  the  tuned  V1  model
improves  this  problem  in  some  degree,  it  may  potentially  weaken  desired
therapeutic  interactions.  The  main  reason  leading  to  this  case  may  be  that
the  hard  pockets  are  often  share  similar  structures  as  others  while  behave
opposite biologic functions. As a result, the molecules generated with differ-
ent structures are less likely to interact with the target sites too. Besides, the
discriminative molecules with special structures are easy to increase synthe-
sis difficulty.

(ii)  For  continuous development  of  a  drug product,  biological  experiments
are important for evaluating the molecules. However, unlike biologic verifica-
tion the chemical synthesis of novel complex molecules is not a mature tech-
nology,  leading to  a  critical  speed limiting step in  the process of  developing
new drugs.  In  our  future  research,  the  chemical  synthesis  of  novel  complex
promising molecules will become the most important landmark.

(iii) In practical application, molecules with different water solubility proper-
ties  may  have  quite  different  aggregation  behaviors  in  water.  Especially  for
hydrophobic  drugs,  they  tend to  aggregate  in  water  themselves,  which  may
severely  affect  their  interaction  with  proteins.  In  the  future,  we  will  consider
several solutions. (1) Modify the structure of the drug molecules by introduc-
ing  hydrophilic  groups  (such  as  hydroxyl  and  carboxyl  groups)  to  enhance
their  interactions  with  water.  (2)  Encapsulate  the  hydrophobic  drugs  within
liposomes  or  polymeric  nanoparticles  to  form  stable  nanocarriers.  These
carriers  can  protect  the  drugs  from  aggregation  while  improving  their
bioavailability.  (3)  Utilize  microemulsion  or  micellar  systems  to  control  the
release of the drugs, thereby reducing their aggregation in water.75 (4) Design
environmentally sensitive delivery systems (such as pH-sensitive or temper-
ature-sensitive nanoparticles)  that  release  the  drugs  under  specific  condi-
tions.76,77 (5) Modify the surface of drug carriers with targeting ligands (such
as antibodies or peptides) to increase the concentration of the drugs in target
tissues  and  reduce  non-specific  aggregation.78 (iv)  The  docking  technology
implemented  by  QVina2  in  off-target  evaluation  requires  a  large  amount  of
computation time, limiting the large-scale full-protein comprehensive experi-
ments. In practical scenes, fast judgement on off-target effects of molecules
from a molecular generation system will be in strong demand. This limitation
encourages us to develop a more convenient off-target evaluation tool based
on other alternative fast docking technologies like training a fast deep learn-
ing network to predict the binding energy based on 3D structures of receptor-
ligand pairs. Overall, with the rapid advancement of artificial intelligence in the
medical  and  pharmaceutical  fields,79,80 we  believe  these  limitations  will  be
addressed in the near future.

 CONCLUSION
In this study, we focus on off-target effects lied in molecules produced by

AI  molecular  generation  models.  Preliminary  experiments  show  that
molecules  generated  are  obstacle  by  off-target  effects,  alarming  the  risk  of
uncontrolled binding with proteins other than the target in the biological envi-
ronment even leading to clinical trial failure. We provide a systematic pretrain-
tune  framework  for  de  novo  molecular  generation  to  alleviate  this  problem.
For  pretraining  AgainstOTE-R1  in  a  dual-receptor  cooperative  training
pipeline, both target proteins and randomly selected any other off-target ones
are observed by neural  networks as input.  To simulate the basic conforma-
tional  changes  of  proteins,  random structural  displacement  is  conducted  to
create multiple augmenting samples with similar structures. After projecting
generated molecules into consistent chemical embedding space by the regu-
larizer, structural regularization term implemented by a molecular contrastive
learning  architecture  is  specially  designed  for  regularizing  the  searching
space  of  the  generator  by  evenly  distributing  molecular  features  generated
from both target and off-target proteins. By training AgainstOTE-R1 in an end-
to-end manner, the trained generator produces plausible compounds mean-
while  with  lower  probabilities  binding  with  other  pockets.  Meanwhile,  an
advanced molecular  generation model  AgainstOTE-V1 is  tuned from the R1
model  with  more  district  biochemically  meaningful  off-target  proteins
selected  by  protein  language  models.  Additionally,  physically  molecular

dynamics simulation is utilized in structural displacement instead of random
sampling for  accessing  multiple  augmented  protein  conformations.  Exten-
sive experiments  are  conducted  to  evaluate  various  performance  of  Again-
stOTE. In multiple chemical properties including QED, SA, LogP and Lipinski,
AgainstOTE behaves positively, showing superior drug-likeness, solubility and
permeability. Although synthesis accessibility is decreased in some degree, it
is  still  acceptable  especially  for  the  tuned  version  where  this  problem  is
evidently  improved.  In  several  chemical  attributes  including  HBA,  HBD,  MW
and  TPSA,  the  distribution  of  molecules  generated  by  AgainstOTE  is  more
aligned  with  our  intension.  Multiple  experiments  for  evaluating  the  critical
designs  in  AgainstOTE-V1  are  conducted.  For  evaluating  off-target  effects,
we  compile  affinity  to  off-target  proteins,  affinity  to  target  proteins  and  a
designed systematic measurement TSR to evaluate overall off-target effects.
Biochemical experiments of receptor selectivity guided by TSR are conducted
to directly support the claim regarding improved off-target profiles for practi-
cal  applications.  The  statistical  results  show  our  efforts  against  off-target
effects are worthwhile. We hope that these results will provide new ideas for
target-related  pharmacochemical  scientists.  Experiments  show not  only  the
positive  side  of  AgainstOTE,  but  also  the  negative  side  implying  off-target
effects far from resolved and continuous research becoming necessary.

Through  this  study,  we  present  some  insights  and  concerns  concluded
from the experience of the workflow. As off-target effects are widely existed
in AI-generated molecules, the chemical searching space may not be as vast
as  used to  be  under  the  joint  consideration  of  both  target  proteins  and off-
target  proteins.  Previously,  we  try  to  explore  diverse  and  large  molecular
libraries for any protein,  but considering off-target effects only few numbers
of candidates may precisely bind to the target yet not the other proteins. This
is  the  difference  brought  by  this  problem.  Through  AgainstOTE,  it  can  be
concluded  that  observing  multiple  proteins  during  one  forward-backward
calculation,  simulating  conformational  changes  and  evenly  regularizing  the
projected molecular features may help. But there still lies limitations like diffi-
culties  in  synthesis  and  accompanying  degraded  binding  capabilities  to  the
target in some degree. More effective pipelines are expected to further allevi-
ate  this  problem.  Meanwhile,  comprehensive  systems  for  evaluating  overall
performance of AI molecular generation models against off-target effects are
needed. In this study we provide a systematic measurement TSR, yet in the
future  more  technical  metrics  and  even  the  corresponding  specialized
datasets are expected.
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