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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   A federated framework for collaborative training of molecular generative models.

■   Combining low rank adaptation (LoRA) with knowledge distillation (KD).

■   FedMol achieves superior performance under high data heterogeneity, maintaining better distribution matching.
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Generating molecules  with  properties  of  interest  is  a  fundamental  chal-
lenge in computational molecular design. However, a significant portion of
valuable  chemical  data  resides  within  proprietary  corporate  data  silos,
limiting  the  potential  of  data-driven  approaches  for  molecular  design.
Federated  learning  provides  a  framework  for  collaborative  model  training
without sharing raw data, but existing methods face challenges in commu-
nication  efficiency  and  robustness  to  heterogeneous  data  distributions.
Here  we introduce FedMol,  a  federated learning framework  that  combines
pre-trained  molecular  language  models  with  parameter-efficient  fine-
tuning  (using  low-rank  adaptation)  and  knowledge  distillation  to  enable
privacy-preserving  molecular  generation.  We  evaluate  FedMol  on  the
GuacaMol distribution-learning benchmarks under varying degrees of data
heterogeneity  simulated  via  Dirichlet  partitioning.  Our  results  show  that
FedMol  achieves  competitive  performance  with  state-of-the-art central-
ized models by updating only 2.4% of parameters through low-rank adap-
tation. Under  high  heterogeneity,  knowledge distillation  outperforms stan-
dard  federated  averaging  in  preserving  chemical  diversity.  This  work
demonstrates  a  practical  approach  to  collaborative  molecular  design  that
respects  data  privacy,  with  potential  applications  in  drug  discovery  where
proprietary data and multi-institutional collaboration are both critical.

 INTRODUCTION
The discovery of novel therapeutic molecules remains a fundamental chal-

lenge  in  pharmaceutical  research,  traditionally  relying  on  iterative  cycles  of
hypothesis-driven design, synthesis, and biological testing.1,2 While computa-
tional approaches have significantly accelerated this process, the emergence
of deep generative models, particularly those based on transformer architec-
tures,  has  revolutionized de  novo molecular  design  by  learning  to  generate
chemically  valid  molecules  directly  from  data.3,4 These  models,  often  pre-
trained  on  millions  of  publicly  available  compounds,  can  capture  intricate
patterns  of  chemical  space  and  propose  molecules  with  desired  properties.
However,  their  full  potential  is  constrained  by  a  critical  bottleneck:  valuable
data  can  be  distributed  across  multiple  institutions,  each  bound  by  strict
privacy  regulations  and  intellectual  property  protections  that  preclude  data
sharing.5–8

Federated learning  offers  a  promising  paradigm  to  overcome  this  limita-
tion by enabling collaborative model training without centralizing raw data.9,10

In  typical  federated  learning,  a  global  model  is  iteratively  refined  through
updates computed on decentralized, private datasets. While federated learn-
ing has been explored for quantitative structure-activity/property relationship
(QSAR/QSPR) modeling,7,8,11,12 such as in toxicity prediction13, its application to
de novo molecular generation remains largely unexamined. Extending feder-
ated learning to  large-scale molecular  generation introduces three intercon-
nected challenges:  (1)  the  communication  overhead  of  repeatedly  transmit-
ting millions of model parameters between clients and a central server14,  (2)
the  need  to  preserve  data  privacy  not  only  at  the  raw  data  level  but  also
during  model  updates,15 and  (3)  the  statistical  heterogeneity  (non-IID  data)
across clients, as different institutions often specialize in distinct therapeutic
areas,  leading  to  skewed  local  data  distributions  that  can  degrade  global
model performance.16

Recent  advances  in  parameter-efficient  fine-tuning,  notably  Low-Rank
Adaptation  (LoRA),17 provide  a  compelling  solution  to  the  first  challenge.  By
freezing pre-trained model weights and injecting trainable low-rank matrices
into  transformer  layers,  LoRA  reduces  the  number  of  trainable  parameters,

dramatically cutting training costs while retaining most of the full fine-tuning
performance. Concurrently, Knowledge Distillation (KD) has been explored as
a  privacy-enhancing  technique  in  federated  learning,18 where  local  "teacher"
models  transfer  knowledge  to  a  global  "student"  through  softened  output
distributions  rather  than  sharing  raw  data  or  parameters,  offering  inherent
privacy benefits.

In this  work,  we  introduce  FedMol,  a  framework  that  synergistically  inte-
grates a pre-trained molecular language model backbone with LoRA and KD
to address  the  triad  of  training  efficiency,  privacy  preservation,  and  robust-
ness  to  data  heterogeneity  in  federated  molecular  design.  This  integration
yields  cost-effectiveness  through  reduced  model  parameters,  lower  GPU
memory  consumption,  and  accelerated  per-client  training.  FedMol  operates
in two stages: first, a transformer-based decoder is pre-trained centrally on a
large  corpus  of  public  molecules  to  learn  a  general-purpose  chemical
language  representation.  Second,  in  a  federated  setting,  each  client  fine-
tunes this  backbone on its  private  data using LoRA,  then distills  its  special-
ized knowledge into a global student model via KD. This design ensures that
clients never share raw data or even full model updates, only softened proba-
bility distributions that obscure the original inputs.

2.4%

We  rigorously  evaluate  FedMol  on  the  GuacaMol  distribution-learning
benchmarks,19 simulating various degrees of client heterogeneity via a Dirich-
let  distribution.  Our  results  demonstrate  that  under  near-IID  conditions,
FedMol  achieves  competitive  performance  with  state-of-the-art  centralized
models,  while  outperforming a  standard FedAvg baseline.  More importantly,
under extreme heterogeneity, FedMol maintains superior distribution match-
ing by  effectively  aggregating  specialized  client  knowledge  through  distilla-
tion.  Ablation studies confirm that LoRA applied to all  linear layers offers an
optimal trade-off, maintaining strong performance in comparison to full fine-
tuning  while  only  updating  of  the  parameters.  Experiments  show that
FedMol  can  outperform  parameter  averaging  (FedAvg)  in  preserving  the
global chemical distribution under high heterogeneity. By offering an efficient,
privacy-preserving approach to  collaborative  molecular  design,  FedMol  may
help advance the application of federated learning in drug discovery contexts
where data privacy and collaboration are both important considerations.

 MATERIALS AND METHODS
 Language model backbone

The  network  architecture  of  FedMol  is  a  pre-trained  transformer-style
decoder that can autoregressive generate molecules by representing them as
Simplified  Molecular  Input  Line  Entry  System  (SMILES),  where  the  model
predicts the next token (i.e., SMILES character) in a sequence based solely on
preceding  tokens.  The  model  was  pre-trained  on  a  large  molecule  dataset,
allowing the model to be easily fine-tuned on local datasets (Figure 1).

s ∈ RNseq×dmodel q k
v q,k,v ∈ RNseq×dhead

dhead = dmodel/Nhead Nseq Nhead

hi i

The backbone is  a  stack  of  decoder-only  Qwen2 network  blocks,20 where
each block consists of a multi-head self-attention module followed by a feed-
forward module. To preserve the autoregressive property, a causal (unidirec-
tional)  masking  mechanism  is  strictly  applied  in  the  self-attention  layers,
preventing any token from attending to future tokens in the sequence. For an
input  sequence ,  each  head  projects  it  to  queries  ( ),  keys  ( ),
and  values  ( )  with  linear  layers,  where  and

.  and  are  the  length  of  the  sequence  and  the
number  of  attention  heads,  respectively.  For  each  head,  we  compute  the
scaled dot-product attention and the output  for head  is:
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hi = softmaxi(
qik⊤i√
dhead

)vi (1)

The outputs of all heads are concatenated and then projected back to the
model  dimension  via  linear  transformation.  The  feed-forward  module  that
follows  is  a  two-layer  perceptron  with  SwiGLU  activation.  These  network
layers  are  integrated  into  each  transformer  block  with  residual  connection
and RMSNorm for layer normalization.

Besides,  Qwen2  network  blocks  employ  Grouped-Query  Attention  (GQA)
and  Rotary  Position  Embedding  (RoPE)  to  improve  model  performance.21,22

Unlike  standard multi-head attention where  query,  key,  and value  heads are
equal  in  number,  GQA  employs  groups  of  key-value  heads  that  are  shared
across  multiple  query  heads.  This  design  significantly  reduces  the  memory
footprint  during  autoregressive  generation,  particularly  for  long  sequences.
RoPE encodes the absolute position of a token in a sequence by rotating its
query and key vectors in the complex plane with a frequency-based transfor-
mation, which has been shown to enhance model stability and performance
on long sequences.

dmodel

[0,1] [1,10] [−2,10]
[0,200]

Four properties are considered for conditional generation: Quantitative Esti-
mate of  Drug-likeness (QED) score,  Synthetic Accessibility  (SA) score,  LogP,
Topological Polar Surface Area (TPSA). Each property value is encoded using
a radial basis function (RBF) with  equally spaced Gaussian kernels. The
encoding ranges for QED, SA, LogP, and TPSA are , , , and

,  respectively.  For  every  possible  combination  of  properties  (from
none to all four), a dedicated condition token is introduced, resulting in a total
of  16  extra  tokens,  including  'QED',  'SA',  'LogP',  'TPSA',  and  combinations

such  as  'QED_SA',  'QED_LogP',  and  so  forth,  up  to  'QED_SA_LogP_TPSA'.  At
the beginning of each SMILES sequence, we prepend four copies of the token
that matches the desired combination. The embeddings of these four tokens
are then augmented by adding the RBF encoding of each property in a fixed
order: the first token receives QED encoding (if QED is in the combination), the
second receives SA (if included), the third receives LogP (if included), and the
fourth  receives  TPSA  (if  included).  Properties  not  in  the  combination
contribute  no  addition.  In  this  way,  the  four  tokens  collectively  convey  both
the conditioned property  set  and their  target  values,  enabling multi-property
constrained generation.

 Low-rank adaptation
To  efficiently  adapt  the  pre-trained  language  model  to  our  federated

molecular  design  while  mitigating  computational  constraints,  we  employed
LoRA.17 This  parameter-efficient  fine-tuning  strategy  avoids  the  prohibitive
cost of updating all model parameters by introducing a minimal set of train-
able weights into the transformer architecture.

(ΔW)

(B ·A) (r)

The  core  principle  involves  freezing  the  pre-trained  model  weights  and
injecting  trainable  low-rank  matrices  into  the  selected  linear  layers.  This
decomposes the weight update  for a given layer into two small matri-
ces , where the rank  is significantly smaller than the original dimen-
sion. The forward pass becomes:

h =W0s+ΔWs =W0s+BAs (2)

W0 ∈ Rdmodel×dmodelwhere  represents  the  frozen  pre-trained  weights,  and
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Figure 1.  Overview of the FedMol framework (A) The federated KD process. Each client trains a local teacher model on its private data to generate a novel molecule set. These
sets are aggregated on a central server to train a global student model, facilitating collaborative learning without raw data exchange. (B) The model architecture employs a trans-
former-based language model as its backbone, which autoregressively generates molecules represented as SMILES strings.
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A ∈ Rr×dmodel B ∈ Rdmodel×r r≪ dmodel A
B

ΔW = 0

,  are the trainable adapters.  The rank .  was
initialized with a random Gaussian distribution and  was initialized to zeros,
ensuring  at the beginning of training.

 Knowledge distillation
As  shown  in Figure  1A,  We  adopt  a  teacher-student  paradigm  where  the

global  model  acts  as the student,  and each client's  local  model  serves as a
teacher.  The  distillation  process  transfers  not  only  the  hard  labels  (ground-
truth next tokens) but also the soft  probabilistic knowledge (output distribu-
tions)  from  the  teacher  to  the  students,  thereby  regularizing  global  updates
with the client consensus.

Dk k
s y

zk ∈ R|V| V

Let  denote the private molecular dataset on client .  For a given input
sequence  with its corresponding ground-truth next token , the local model
produces a logit vector , where  is the SMILES token vocabulary set.
The model is trained with the standard cross-entropy loss for autoregressive
language modeling:

LCE =− log
ezk,y

∑
j∈V
ezk,j

. (3)

k
τ

After local training, the th teacher model generates a softened probability
distribution over the vocabulary by applying a temperature scaling factor :

pteacher =
ezk,j/τ

∑
j∈V
ezk,j/τ

(4)

pstudent

Similarly,  the global student model produces its own softened distribution
. The distillation loss is then defined as the Kullback–Leibler (KL) diver-

gence between the two softened distributions:

Lkd = τ2
KD ·DKL (pteacher ∥ pstudent) (5)

τ2
kdwhere  the  scaling  compensates  for  the  magnitude  change  of  gradients

when  using  high  temperatures.  This  loss  encourages  the  student  model  to
retain  the general  knowledge embedded in  the teacher  while  adapting to  its
specific data distribution.

 Model training
The overall training of FedMol consists of two main stages: centralized pre-

training  on  a  large  public  molecular  dataset  to  learn  a  general-purpose
molecular  language  representation,  followed  by  federated  fine-tuning  on
distributed private  datasets  using a  KD strategy to  achieve privacy-preserv-
ing  collaborative  learning.  This  two-stage  approach  ensures  the  model  first
acquires a strong prior on chemical space before being efficiently and confi-
dentially adapted to specialized, decentralized data distributions.

100 5×10−4

1×10−4 6×104 7×104

128

 Pre-training. The  network  backbone  was  pre-trained  in  a  centralized
manner  on  the  large-scale  public  dataset  using  a  standard  next-token
prediction  objective.  Training  was  conducted  using  the  AdamW  optimizer
with a constant learning rate.  A linear learning rate warmup was applied for
the  first  steps  to  a  peak  learning  rate  of ,  which  reduced  to

 after  iterations. Training proceeded for a total of  iter-
ations with a global batch size of .

 Federated fine-tuning. We frame the federated learning process within a
teacher-student paradigm to facilitate privacy-preserving knowledge transfer.

Dk

LCE

1×10−3 k

pteacher

(1)  Local  teacher  training.  The  server  distributes  the  pre-trained  model
parameters to all participating clients. Each client fine-tunes it exclusively on
its  private  dataset .  Fine-tuning  employs  LoRA  for  parameter  efficiency,
updating  only  the  injected  low-rank  adapters  while  keeping  the  pre-trained
backbone frozen. The local optimization uses the cross-entropy loss  with
a learning rate of .  After  local  training,  each teacher model  gener-
ates a set of molecules. Instead of sharing raw data, each client uploads the
set of softened distributions  derived from its generated molecules. This
design  aligns  with  enhanced  privacy  principles,  as  transmitting  vectorized
generated  molecules  and  soft  labels  inherently  obscures  the  original  raw
data.

(2) Global student distillation. The server aggregates the softened distribu-
tions received from all  clients.  The global  student  model  is  then updated by
minimizing a composite objective that combines the standard cross-entropy

LCE LKD

1×10−3

2×104

loss ( ) and the KD loss ( ), thereby learning from both the ground-truth
labels  and the  consensus of  the  client  teachers.  During  distillation,  data  are
sampled with a probability weighted by the size of each client's local dataset.
The  student  is  optimized  using  a  learning  rate  of .  During  KD,  each
client  generates  a  total  of  distillation  data  samples,  which  takes
approximately 80 minutes on a single NVIDIA RTX A4000 GPU device.

ΔWk

θG

θG← θG+∑K
k=1wkΔWk wk

k 100
1×10−3

1×10−4

3×10−4

(3)  FedAvg  baseline.  For  comparative  ablation  studies,  we  implement  a
standard  FedAvg  algorithm.  In  this  baseline,  clients  transmit  their  updated
LoRA  adapter  parameters  to  the  server  after  local  training.  The  server
updates  the  global  model  parameters  via  a  weighted  average:

,  where the weight  is proportional to the size of the
th  local  dataset.  Communication  and  aggregation  occur  every  local

training iterations. Learning rates for FedAvg were set as follows:  for
LoRA-based fine-tuning,  for  fine-tuning pre-trained models without
LoRA, and  for training from scratch without LoRA.

(4)  FedProx  baseline.  We  also  implement  FedProx  algorithm,23 an exten-
sion  of  FedAvg  that  adds  a  proximal  term  to  the  local  objective.  FedProx
modifies the local training loss as:

LProx = LCE +
μ
2
∥θ−θG∥2, (6)

θ θG

μ

μ= 0.001

where  denotes the local model parameters,  is the current global model,
and  is  a  hyperparameter  controlling  the  strength  of  the  proximal  penalty.
This  term  discourages  local  updates  from  deviating  too  far  from  the  global
model,  mitigating  client  drift.  In  our  experiments,  FedProx  follows  the  same
training procedure as FedAvg (including LoRA-based fine-tuning, communi-
cation  frequency,  and  learning  rates),  with  the  proximal  coefficient  set  to

.
Unless  otherwise  specified,  all  experiments  were  conducted  for  1  ×  104

training iterations  with  a  global  batch  size  of  128,  using  the  AdamW  opti-
mizer  with  a  warmup  of  100  steps.  In  the  distillation-based  framework,  the
global student model is trained after all client teachers have completed their
local training phase.

 Molecule collection and preprocessing
Molecules were collected from the PubChem and ChEMBL databases.24,25

Additionally,  EGFR  inhibitors  were  collected  from  the  ChEMBL  database  by
filtering  with  UniProt  ID  (P00533,  EGFR_HUMAN)  and  a  'pChEMBL  Value'
greater than 6.0.  Following ref.3,  we adopted the same regular expression to
break the SMILES strings into "tokens",  which are the basic units processed
by the language model. Molecules containing more than 512 heavy atoms or
1024  tokens  were  excluded.  Finally,  10,995,977  and  1,922,158  molecules
from  the  PubChem  and  ChEMBL  databases  were  used  in  this  study,  with
15,911 molecules treated as EGFR inhibitors. Figure 2A-E show the distribu-
tions of molecular weight (MW), partition coefficient (LogP), topological polar
surface area (TPSA), synthetic accessibility (SA) score, and quantitative esti-
mate of drug-likeness (QED) score.

 Simulation of heterogeneous data
To rigorously evaluate the robustness of our federated learning framework

under realistic and challenging conditions, we simulate non-independent and
identically  distributed  (non-IID)  data  partitions  across  clients.  This  setup
reflects practical  scenarios in collaborative drug discovery,  where participat-
ing  institutions  often  possess  molecular  libraries  that  are  biased  toward
specific chemical profiles or therapeutic targets.

α
α

α

We construct heterogeneous data distributions across clients by partition-
ing  the  dataset  based  on  the  SA  score.  To  implement  a  label  distribution
skew, we first discretize the continuous SA scores into 16 bins of equal width,
spanning  the  full  range  from  1.0  to  5.0.  Each  molecule  is  then  assigned  a
categorical label corresponding to its SA score bin. Client data allocations are
subsequently  sampled  from  these  labeled  subsets  according  to  a  Dirichlet
distribution,16 with a parameter  that controls the degree of heterogeneity. A
smaller  value induces a high degree of data skew, resulting in highly imbal-
anced  label  distributions  across  clients,  whereas  a  larger  yields  more
uniform,  near-IID  partitions.  Similarly,  we  further  construct  a  two-dimen-
sional  heterogeneous  setting  by  jointly  considering  SA  score  and  TPSA.
Specifically,  we  discretize  SA  scores  into  four  equal-width  bins  (range  1.0-
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K= 10
α
α

5.0) and TPSA into four equal-width bins (range 0.0-240.0Å), forming a total
of  16  combined  categories.  Each  molecule  is  assigned  a  two-dimensional
label based on its SA and TPSA bins. This approach allows us to systemati-
cally investigate the performance of our method across varying levels of data
heterogeneity.  In  this  study,  each  molecule  is  assigned  to  one  of 
clients  based  on  the  different .  The  simulated  one-dimensional heteroge-
neous data split for a range of  values is shown in Figure 2F–L.

 Privacy leak analysis
To  quantitatively  assess  the  privacy  guarantees  of  our  framework,  we

conduct membership inference attacks (MIA) following a similar approach to
previous  studies. 26,27 MIA  aims  to  determine  whether  a  given  data  sample
was part of a target model’s training set. In our setting, a potential adversary
could access the teacher or student models and the distillation set during the
global training phase. We apply a threshold-based attack using perplexity.

x = (x1,x2, . . . ,xn) xt

pθ(xt | x<t)

The perplexity-based attack serves as an effective  baseline for  assessing
privacy  leakage.  It  exploits  the  observation  that  machine  learning  models
typically assign higher likelihoods (lower perplexity)  to samples encountered
during  training  compared  to  unseen  samples.  For  a  given  input  sequence

,  where  each  is  a  SMILES  token,  the  model  outputs  a
conditional  probability  distribution  over  the  vocabulary  at  each
step. The perplexity (PPL) of the sequence is defined as:

PPL(x) = exp
(
−1
n

n

∑
t=1

logpθ(xt | x<t)

)
. (7)

Lower  perplexity  indicates  that  the  model  is  more “confident” about  the

sequence, which is often correlated with membership in the training set.
x

PPL(x)< τ

τ
τ = 1.70

The attack proceeds as follows:  given a target  sequence ,  the adversary
computes its perplexity under the target model. If ,  the sample is
classified as a member (i.e., part of the private data); otherwise, it is classified
as a non-member. The threshold  is selected on a held-out validation set by
maximizing attack accuracy (  in this study).

 Evaluation metrics
Model performance was quantified using five established metrics from the

GuacaMol  distribution-learning  benchmark.19 Validity:  fraction  of  generated
SMILES  strings  that  correspond  to  chemically  valid  molecules.  Uniqueness:
proportion of unique molecules among valid generations. Novelty: fraction of
valid,  unique  molecules  not  present  in  the  training  dataset.  Kullback-Leibler
Divergence  (KLD):  Kullback-Leibler  divergence  between  the  distributions  of
physicochemical  descriptors  (MW,  LogP,  TPSA,  etc.)  of  generated  versus
training  molecules.  Higher  KLD  values  indicate  better  distribution  matching.
Fréchet ChemNet  Distance  (FCD):  distance  between  the  hidden  representa-
tions  of  the  ChemNet  for  generated  and training  molecules.28 Higher  values
indicate closer distributional similarity.

 RESULTS
 Centralized training baseline

To  establish  performance  benchmarks  and  evaluate  the  effectiveness  of
our components  in  isolation,  we  first  conducted  experiments  under  central-
ized (non-federated) conditions to assess the individual contributions of pre-
training  and  LoRA before  their  integration  into  the  federated  KD framework,
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Figure 2.  Data distribution and simulation of client heterogeneity (A-E) Distribution of molecular properties in the ChEMBL dataset: MW (A), LogP (B), TPSA (C), SA score (D),
and QED score (E). (F-L) Simulation of non-IID data partitions across clients, generated by sampling from the SA-score distribution with a Dirichlet concentration parameter 
ranging from 0.001 to 1000.0. Decreasing  increases SA distribution skew, resulting in more heterogeneous data allocations across clients. (M) Randomly sampled molecules
derived from two clients under the high-heterogeneity setting ( ).
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which involves training multiple models concurrently.

0.983 0.999 0.994

0.920 0.061

The  results  presented  in Table  1 reveal  the  benefit  of  pre-training  on
molecular  generation  performance.  The  pre-trained  model  achieves  near-
perfect  validity  ( ),  uniqueness  ( ),  and  novelty  ( ),  indicating
that the pre-trained model has already learned a robust prior distribution over
chemical space.  However,  this  configuration  exhibited  suboptimal  distribu-
tion matching,  as  evidenced by  lower  KLD ( )  and FCD ( )  scores,
suggesting  that  while  the  pre-trained  model  generates  high-quality
molecules, their distribution does not perfectly match the target dataset.

100%
2.4%

0.8%

0.984
0.896

Besides, the LoRA strategy shows efficient performance while maintaining
small  trainable  model  weights.  We  evaluated  three  fine-tuning  strategies  to
characterize the efficiency-performance trade-off: Full parameter fine-tuning
(Updates  parameters  during  fine-tuning,  bandwidth  cost:  95.6MB),
LoRA on all linear layers (Updates only  of parameters, bandwidth cost:
2.32MB), LoRA on query, key, and value projections only (Updates only 
of  parameters,  bandwidth cost:  0.79MB).  When pre-trained models  undergo
full parameter fine-tuning, they achieve the performance ceiling for our archi-
tecture,  with  optimal  distribution  matching  scores:  KLD  ( )  and  FCD
( ).  This  configuration  maintains  excellent  validity,  uniqueness  and
novelty  while  significantly  improving distribution alignment  compared to  the
pre-trained-only baseline.

2.4%

0.974 0.810

Remarkably,  pre-trained  models  fine-tuned  with  LoRA  on  all  linear  layers
achieve  performance  close  to  the  upper  bound  while  requiring  updates  to
only  of  parameters.  Specifically,  we  observe  minimal  degradation  in
distribution  matching.  This  demonstrates  that  the  majority  of  specialized
knowledge  required  for  adapting  to  the  target  distribution  can  be  captured
through low-rank updates to linear transformations, validating LoRA's effec-
tiveness  for  domain  adaptation  in  molecular  language  models.  The  most
parameter-efficient configuration, LoRA applied only to query, key, and value
projections,  maintains  strong  performance.  With  only  0.8%  of  parameters
trainable,  this configuration achieves  KLD, and  FCD, represent-
ing a viable option for scenarios with extreme computational or communica-
tion constraints. Based on this systematic analysis, which reveals an optimal
balance  between  parameter  efficiency  and  performance  preservation,  we
selected the pre-trained backbone with LoRA applied to all linear layers as the
default configuration for subsequent federated learning experiments.

 Federated molecular generation under near-IID condition

α = 1000.0
We next evaluated our framework under near-IID distributed (near-IID) data

conditions  ( ).  As  shown  in Figure  2L,  this  setting  represents  the
idealized scenario  where  each  client  possesses  data  that  closely  approxi-
mates the  overall  population  distribution,  allowing  us  to  assess  the  funda-
mental viability of our approach before addressing the challenges of statisti-
cal heterogeneity.

Figure  3A-E  demonstrate  that  molecules  generated  by  FedMol  (green
distributions) closely match the physicochemical property distributions of the
target  dataset  (blue  distributions)  across five  key  metrics:  MW,  LogP,  TPSA,
SA  score,  and  QED  score. Figure  3F-M  showcase  our  model's  ability  to
generate molecules conditioned on single or multiple specific property values.
This multi-constraint satisfaction capability is particularly valuable for practi-
cal  drug  discovery  workflows where  molecules  must  simultaneously  satisfy
multiple physicochemical and pharmacological criteria.

The  results  presented  in Table  2 demonstrate  that  our  federated  learning
framework  achieves  competitive  performance  with  state-of-the-art central-
ized  molecular  generation  models  across  all  five  evaluation  metrics.  When
compared  against  sequential  generation  models,  FedMol  achieves  superior
validity (0.987) compared to LSTM (0.959), AAE (0.822), ORGAN (0.379), VAE
(0.870), MolGPT (0.981), SmileyLlama (0.983), HYFORMER (0.979), and G2PT
(0.953).  In  terms of  distribution  matching,  FedMol  attains  KLD of  0.984 and
FCD  of  0.900,  which  are  comparable  to  or  exceed  those  of  MolGPT  (KLD:
0.992, FCD: 0.907), SmileyLlama (KLD: 0.985, FCD: 0.849), HYFORMER (KLD:
0.990, FCD: 0.916), and G2PT (KLD: 0.956, FCD: 0.927). Against graph-based
generation  models,  FedMol  demonstrates  particularly  strong  performance,
substantially  outperforming  VGAE  (KLD:  0.554,  FCD:  0.016),  Graph  MCTS
(KLD:  0.522,  FCD:  0.015),  VGAE-MCTS  (KLD:  0.659,  FCD:  0.009),  and  RSG-
VAE (KLD: 0.940, FCD: 0.800). This suggests that our language model-based
approach, even when trained in a distributed manner, learns accurate repre-
sentations of the underlying chemical distribution compared to many graph-
based architectures trained in centralized settings.

FedMol  consistently  outperforms  FedAvg  across  most  metrics  (Table  2,
with particularly  notable improvements in validity  (0.987 vs.  0.977) and FCD
(0.900 vs.  0.885).  Besides,  the full  fine-tuning baseline achieves a validity  of
0.983, KLD of 0.987, and FCD of 0.902. The validity gap is minimal, and distri-
bution  matching  metrics  remain  highly  comparable,  demonstrating  that  our
parameter-efficient approach with KD can nearly match the quality of full fine-
tuning.

A  finding  emerges  from  the  comparison  between  our  proposed  KD
approach and the standard parameter averaging baselines. While FedAvg and
FedProx both  aggregate  model  parameters,  with  FedProx  additionally  intro-
ducing a proximal term to mitigate client drift, their performance under near-
IID conditions is remarkably similar. As shown in Table 2, FedProx achieves a
slightly  higher  validity  (0.979/0.977)  and  FCD  (0.891/0.885)  than  FedAvg,
indicating comparable  distribution  matching.  FedMol  consistently  outper-
forms  FedAvg  and  FedProx  across  most  metrics,  with  particularly  notable
improvements  in  validity  and  FCD.  Besides,  the  performance  achieved  by
FedMol  under  federated near-IID conditions approaches that  of  the  central-
ized  baseline  with  full  parameter  fine-tuning.  The  validity  gap  is  minimal,
while distribution matching metrics show comparable performance.

To  further  validate  the  generalizability  of  our  framework,  we  evaluated
FedMol on a more specialized dataset comprising EGFR inhibitors (Table 3).
The  pre-trained  model  without  fine-tuning  achieves  high  validity  (0.981),
uniqueness (0.999), and novelty (0.999) but exhibits poor distribution match-
ing (KLD 0.604,  FCD 0.006),  highlighting the need for domain-specific adap-
tation.  Under  federated  fine-tuning,  both  FedAvg  and  FedProx  substantially
improve  distribution  matching  (KLD  0.97,  FCD  0.66)  at  the  cost  of  reduced
uniqueness  and  novelty  (0.57  and  0.40,  respectively),  indicating  a  trade-off
between  distribution  alignment  and  generative  diversity.  Our  proposed  KD-
based  approach  achieves  slightly  higher  validity  (0.989)  and  comparable
distribution  matching  (KLD  0.974,  FCD  0.673),  closely  approaching  the
performance  of  the  centralized  baseline,  demonstrating  that  KD  effectively
transfers  domain-specific  knowledge  while  maintaining  generative  fidelity.
These results are consistent with the observations from the ChEMBL dataset,
suggesting  that  FedMol  may  be  robust  and  generalizable  across  different
molecular domains.
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Table 1.  Baseline performance on GuacaMol distribution-learning benchmarks under centralized condition

Pre-training Fine-tuning Validity Uniqueness Novelty KLD FCD

√ × 0.983 0.999 0.994 0.920 0.061

× Full fine-tuning 0.922 0.999 0.973 0.969 0.825

√ Full fine-tuning 0.983 0.999 0.968 0.984 0.896

× LoRA (all linear layers) 0.732 0.998 0.985 0.960 0.745

√ LoRA (all linear layers) 0.974 0.999 0.978 0.979 0.869

× LoRA (query, key and value) 0.184 0.976 0.994 0.766 0.032

√ LoRA (query, key and value) 0.960 0.999 0.982 0.974 0.810
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We  next  evaluated  the  privacy-preserving  property  of  our  framework  by
conducting  MIA. Table  4 reports  the  attack  performance  against  different
model  variants.  The  pre-trained  model  without  fine-tuning  achieves  almost
identical metrics (accuracy 0.499, AUC 0.499, TPR@1%FPR 0.010), indicating
that  the  base  model  does  not  memorise  the  private  data.  In  contrast,  the
FedAvg variant exhibits substantially higher vulnerability, with an accuracy of
0.814,  an  AUC  of  0.894,  and  a  TPR@1%FPR  of  0.357.  This  result  suggests
that simply  parameter  averaging  can  inadvertently  leak  membership  infor-
mation,  as  the  model  updates  are  influenced  by  private  data.  Our  proposed
KD-based  approach  considerably  reduces  the  attack  success,  achieving  an
accuracy of 0.768, an AUC of 0.827, and a TPR@1%FPR of 0.324. The lower
metrics indicate that KD, which exchanges only softened probability distribu-
tions  rather  than  model  parameters,  provides  stronger  protection  against
membership inference. This privacy benefit can be attributed to the soft-label
smoothing  effect  inherent  in  distillation,  where  the  softened  outputs  reduce
overfitting  to  individual  training  samples  and  thereby  mitigate  membership
leakage.38 The reduction in attack performance highlights the inherent privacy
advantages of the distillation paradigm within our federated molecular design
framework.

Although  the  molecules  are  vectorized  when  forming  the  distillation  sets
shared  during  federated  KD,  we  performed a  model-free  analysis  to  assess
whether an adversary could reconstruct private SMILES strings if the vector-
ization  codebooks  were  known.  Specifically,  we  calculated  the  exact  match
rate,  the  fraction of  molecules  in  the  distillation sets  that  also appear  in  the
private  dataset.  This  provides  a  lower  bound  on  the  difficulty  of  extracting
private data without assuming a powerful attacker. As shown in Table 5, the
exact  match  rate  increases  as  the  temperature  decreases,  indicating  that  a
small number of private molecules can indeed be recovered from the distilla-

tion sets  when  low  temperatures  are  used.  evertheless,  successful  recon-
struction critically requires prior knowledge of the vectorization codebook, as
the  mapping  from  token  indices  back  to  SMILES  characters  is  not  publicly
disclosed in  practice.  When  combined  with  moderate  distillation  tempera-
tures,  the  probability  of  successful  reconstruction  becomes  negligible,
making the framework suitable for privacy-sensitive collaborations.

 Federated molecular generation under non-IID condition

α 0.001
1.0

Having  validated  our  framework  under  idealized  near-IID  conditions,  we
next evaluated its robustness across a spectrum of data heterogeneity, which
more  accurately  reflects  real-world  collaborative  drug  discovery  scenarios.
Using the  Dirichlet-based partitioning scheme described in  methods (Figure
2F-L),  we  systematically  varied  the  concentration  parameter  from 
(extreme  heterogeneity)  to  (moderate  heterogeneity)  to  quantify  the
impact of statistical distribution skew on federated molecular generation.

α

α = 0.001
0.971 0.985

0.9723 0.8166
0.9327 0.7967

α
α = 1.0

0.9774 0.8789
0.9674 0.8689

We evaluated the performance of FedMol using KD alongside the standard
FedAvg  algorithm  across  this  one-dimensional  heterogeneity  spectrum
based on SA score (  ranging from 0.001 to 1.0).  As shown in Figure 4A-E,
increasing data heterogeneity progressively challenges both models,  though
to different degrees. Under extreme heterogeneity ( ), FedMol main-
tains a validity of  compared to  for FedMol using FedAvg, while
the  distribution  matching  metrics  (KLD  and  FCD)  show  a  different  trend:
FedMol achieves a KLD of  and FCD of , whereas FedMol using
FedAvg  achieves  and ,  respectively.  As  heterogeneity
decreases  (  increases),  both  methods  improve,  with  FedMol  consistently
outperforming  FedMol  using  FedAvg  in  distribution  matching.  At ,
FedMol achieves a KLD of  and FCD of , while FedAvg reaches

 and , respectively. The validity for both methods remains high
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Figure 3.  Molecuar generation with FedMol trained under near-IID condition (A-E) Comparative analysis of physicochemical property distributions between the target ChEMBL
dataset and generated molecules. Blue distributions represent the reference ChEMBL dataset; orange distributions correspond to molecules generated by the pre-trained model
without  federated  fine-tuning;  green  distributions  show molecules  generated  by  FedMol  after  federated  training.  Properties  analyzed include:  MW (A),  LogP (B),  TPSA (C),  SA
score (D), and QED score (E). (F-I) Single-property conditional generation performance, demonstrating the model's ability to generate molecules with specified target values (gray
vertical  lines)  for:  LogP (F),  TPSA (G),  SA  score  (H),  and  QED score  (I),  respectively.  The  input  conditions  are  shown in  grey  lines.  (J-M)  Dual-property  conditional  generation
performance, illustrating simultaneous constraint satisfaction for: TPSA-LogP (J), SA-LogP (K), TPSA-SA (L), and QED-LogP (M), respectively. In all conditional generation panels,
input conditions are indicated by gray lines.
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0.9777 0.9813(  and ),  with  FedAvg  version  showing  a  slight  advantage  in
validity but at the cost of distribution matching. This indicates that KD better
preserves  the  overall  chemical  distribution  even  when  local  data  are  highly
skewed.

To  further  assess  the  robustness  of  our  framework  under  more  complex
and  realistic  scenarios,  we  extended  the  heterogeneity  simulation  to  a  two-
dimensional  setting  by  jointly  considering  SA score  and TPSA.  As  shown in
Figure  4F–J,  the  two-dimensional  heterogeneity  introduces  additional

α = 0.001

complexity,  making the task more challenging compared to  the one-dimen-
sional  case.  Under  this  setting,  both  FedAvg  and  our  KD-based  approach
exhibit  reduced  distribution  matching  performance  across  all  levels  of
heterogeneity,  reflected  in  lower  KLD  and  FCD  values  relative  to  their  one-
dimensional counterparts.  Nevertheless,  our  method  consistently  outper-
forms  FedAvg  in  preserving  the  target  distribution.  For  instance,  under
extreme heterogeneity ( ), FedMol achieves KLD = 0.921 and FCD =
0.763,  substantially  higher  than  FedAvg  (KLD  =  0.878,  FCD  =  0.736).  These
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Table 2.  Results of GuacaMol distribution-learning benchmarks on the ChEMBL dataset under near-IID condition

Model Validity Uniqueness Novelty KLD FCD

LSTM 0.959 1.000 0.912 0.991 0.913

AAE 0.822 1.000 0.998 0.886 0.529

ORGAN 0.379 0.841 0.687 0.267 0.000

VAE 0.870 0.999 0.974 0.982 0.863

MolGPT 0.981 0.998 1.000 0.992 0.907

SmileyLlama 0.983 0.999 0.962 0.985 0.849

HYFORMER 0.979 1.000 0.904 0.990 0.916

G2PT 0.953 1.000 0.995 0.956 0.927

VGAE 0.830 0.944 1.000 0.554 0.016

Graph MCTS 1.000 1.000 0.994 0.522 0.015

VGAE-MCTS 1.000 1.000 1.000 0.659 0.009

hG2G 1.000 0.995 0.940 0.888 0.506

MGM 0.849 1.000 0.722 0.987 0.845

MiCaM 1.000 1.000 0.986 0.989 0.731

RSG-VAE 1.000 1.000 0.996 0.940 0.800

FedMol (FedAvg) 0.977 0.999 0.976 0.982 0.885

FedMol (FedProx) 0.979 0.999 0.979 0.977 0.891

FedMol (Full fine-tuning) 0.983 0.999 0.959 0.987 0.902

FedMol 0.987 0.999 0.967 0.984 0.900

*All baseline models, with the exception of FedMol, were trained in a centralized manner. *Results of LSTM, AAE, ORGAN, VAE, Graph MCTS are obtained
from ref.19. Results of MolGPT, SmileyLlama, HYFORMER, G2PT, VGAE, VGAE-MCTS, hG2G, MGM, MiCaM, RSG-VAE are obtained from ref.3, ref.29, ref.30,
ref.31, ref.32, ref.33, ref.34, ref.35, ref.36, ref.37, respectively.

 

Table 3.  Results of GuacaMol distribution-learning benchmarks on the EGFR dataset under near-IID condition

Model Validity Uniqueness Novelty KLD FCD

FedMol (w/o fine-tuning) 0.981 0.999 0.999 0.604 0.006

FedMol (FedAvg) 0.978 0.569 0.393 0.972 0.661

FedMol (FedProx) 0.985 0.574 0.408 0.977 0.663

FedMol (centralized) 0.990 0.577 0.412 0.969 0.657

FedMol 0.989 0.576 0.391 0.974 0.673

 

Table 4.  MIA  against  FedMol  under  near-IID  conditions.  Experiments  were  conducted  on  a  balanced  dataset  containing  both  member  and  non-member  samples.  Non-
member samples were randomly sampled from the PubChem dataset

Reference Model Accuracy (τ = 1.70) AUC TPR@1%FPR

Random Guess 0.500 0.500 0.010

FedMol (w/o fine-tuning) 0.499 0.499 0.010

FedMol (FedAvg) 0.814 0.894 0.357

FedMol 0.768 0.827 0.324
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results  mirror  the  trends  observed  in  the  one-dimensional  setting,  further
demonstrating the potential  robustness and generalizability of our approach
across both heterogeneity dimensions in realistic federated molecular design
scenarios.

FedAvg  averages  model  parameters,  implicitly  assuming  that  the  optimal
global model lies in a convex combination of client updates. Averaging these
divergent  parameters  leads  to  "client  drift",39 producing  a  global  model  that
occupies an "average" region of chemical space that may not correspond to

any valid  mode of  the true distribution.  In  contrast,  KD aggregates softened
probability  distributions  over  the  vocabulary  space.18 When  each  client
teacher  generates  molecules  and  produces  soft  targets,  the  server-side
student  learns  from  the  consensus  of  output  distributions  rather  than  from
conflicting parameter updates, which makes FedMol achieve higher FCD and
KLD. As shown in Figure 4F-O,  each teacher model  successfully  specializes
to  its  local  SA  distribution,  indicating  close  adaptation  to  local  chemical
profiles. These results suggest that KD aggregates softened probability distri-
butions, creating a consensus over the chemical space that is more robust to
distributional skew.

 DISCUSSION
Our investigation establishes FedMol as an effective framework for privacy-

preserving  molecular  generation  that  addresses  the  inherent  tensions
between collaborative  drug  discovery  and  data  confidentiality.  The  frame-
work stems from the synergistic integration of three key components: a pre-
trained language model backbone, KD for privacy-preserving aggregation and
critically,  LoRA for  parameter-efficient  fine-tuning.  Together,  these elements
enable federated learning to  achieve molecular  generation quality  compara-
ble  to  centralized  approaches  while  maintaining  strict  data  privacy  across
participating institutions.
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Table 5.  Quantifying potential private molecule leakage from distillation sets under
near-IID conditions. The exact match rate is defined as the proportion of molecules
in the distillation sets that are also present in the private dataset

Temperature Exact match rate (%)

0.1 6.050

0.5 3.740

1.0 2.330

1.5 1.548

2.0 0.756
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Figure 4.  Performance of FedMol under varying degrees of data heterogeneity (A-J) Performance on GuacaMol distribution-learning benchmarks under one-dimensional (A–E)
and two-dimensional (F–J) data heterogeneity, with the parameter  ranging from 0.001 to 1.0. Metrics include: validity (A,F), uniqueness (B,G), novelty (C,H), KLD (D,I) and FCD
(E,J). Performance using the FedAvg algorithm is shown in blue, while the KD approach is shown in orange. Horizontal red lines indicate the baseline performance achieved under
near-IID conditions. (K-T) Teacher specialization in extreme heterogeneity conditions ( ) for the one-dimensional setting. For each of the ten clients, distributions of SA
scores are shown for: (blue) the client's local private data, and (red) molecules generated by the client's locally trained teacher model.

  Artificial Intelligence     ARTICLE

The Innovation Drug Discovery 1(2): 100022, July 16, 2026　　　  9



Our work suggests that LoRA can play an important role in making feder-
ated  molecular  generation  practically  feasible.  Traditional  federated  learning
approaches face prohibitive communication costs when fine-tuning language
models,  as  each  round  of  communication  requires  transmitting  millions  or
billions  of  parameters.  LoRA  fundamentally  addresses  this  challenge  by
reducing  the  number  of  trainable  parameters  by  97.6%  to  99.2%  while
preserving performance comparable to that achieved through full  parameter
fine-tuning  (Table  1).  This  parameter  efficiency  translates  directly  into  a
commensurate  reduction  in  communication  overhead,  making  frequent
model  updates  across  distributed  clients  economically  viable.  Our  results
demonstrate that LoRA applied to all linear layers represents an optimal effi-
ciency-performance  trade-off  for  federated  molecular  generation.  This
configuration  achieves  a  KLD  of  0.979  and  FCD  of  0.869  under  centralized
conditions,  closely  approaching  the  performance  ceiling  of  full  fine-tuning
(KLD: 0.984, FCD: 0.896). More importantly, this parameter efficiency directly
translates  to  practical  communication  advantages  in  federated  settings,
where bandwidth constraints often limit the feasibility of collaborative model
development.

Besides,  our  framework  enables  knowledge  transfer  without  exposing
proprietary  molecular  structures.  The  KD  process  aggregates  probabilistic
representations  rather  than  raw  data,  providing  inherent  privacy  protection
while facilitating the integration of specialized chemical expertise from multi-
ple  sources.  This  approach  aligns  with  emerging  regulatory  frameworks  for
data governance while enabling collaborative innovation. The combination of
LoRA with KD creates a powerful synergy for federated molecular generation.
LoRA's  parameter  efficiency  enables  frequent  communication  rounds  with
manageable bandwidth requirements,  while KD's robustness to heterogene-
ity ensures  that  this  communication  leads  to  meaningful  model  improve-
ment rather than optimization conflicts. The reduced parameter in LoRA fine-
tuning makes the computation of softened probability distributions more effi-
cient,  lowering  the  computational  burden  on  client  devices.  Next,  the  LoRA
structure  may  provide  implicit  regularization  that  complements  the  explicit
regularization provided by temperature scaling in KD. Furthermore, by reduc-
ing  the  dimensionality  of  the  adaptation  space,  LoRA  may  help  align  client
models, making the KD process more stable and effective. While the genera-
tion of distillation samples introduces additional computation, the process is
highly  parallelizable  and  can  be  accelerated  through  optimized  inference
strategies.  In  our  implementation,  this  step  increases  the  total  training  time
by approximately 30% compared to a standard FedAvg baseline,  a  trade-off
we  consider  acceptable  given  the  substantial  gains  in  privacy  preservation,
communication efficiency, and robustness to data heterogeneity.

While FedMol demonstrates strong performance across established evalu-
ation metrics,  several  limitations merit  consideration and suggest  directions
for future research: First, our current implementation employs SMILES-based
molecular  representation,  which  captures  two-dimensional structural  infor-
mation  but  lacks  explicit  three-dimensional  conformation  data.  Future  work
could  extend  the  framework  to  incorporate  three-dimensional representa-
tions through several  promising ways:  (1)  integrating graph neural  networks
(GNNs)  as  the  molecular  generation  backbone  to  explicitly  model  atomic
connectivity and incorporate spatial features such as bond angles and inter-
atomic distances;40 (2) adopting 3D-equivariant architectures such as SchNet
or  equivariant  GNN to  directly  operate  on  3D coordinates  while  maintaining
rotational and translational equivariance;41,42 and (3) exploring hybrid pretrain-
ing  strategies  that  combine  large-scale  SMILES  corpora  with  smaller  3D
datasets  to  achieve  conformational  awareness.43 Importantly, these  exten-
sions  remain  compatible  with  our  core  privacy-preserving  components,  as
teachers  would  share  probabilistic  information  about  generated  molecules
rather than explicit coordinate data. Second, while our Dirichlet-based hetero-
geneity  simulation  provides  systematic  control  over  distribution  skew,  real-
world  pharmaceutical  heterogeneity  may  involve  more  complex,  multi-
dimensional distributions across therapeutic targets, synthesis methods, and
biological  activities.  More  sophisticated  heterogeneity  models  could  provide
additional insights into framework robustness. Third, although our KD frame-
work provides inherent privacy benefits by transmitting only softened proba-
bility distributions rather than raw data or model parameters, it does not offer
formal  privacy  guarantees.  Recent  work  has  shown  that  distillation-based
approaches  can  still  leak  sensitive  information  under  certain  attack

models.44,45 Future iterations of  FedMol could incorporate differential  privacy
(DP) mechanisms during local  training or employ secure aggregation proto-
cols.46,47 For instance,  DP can be applied during the generation of  distillation
samples (e.g.,  by perturbing the soft labels or the sampled molecules them-
selves).  Adding  DP  would  introduce  a  trade-off  between  privacy  and  utility:
stronger  privacy  guarantees  require  larger  noise,  which  may  degrade  the
quality  of  generated molecules,  potentially  reducing validity  or  distorting  the
learned  chemical  distribution.  Finding  the  optimal  balance  between  privacy
loss and molecular fidelity is an important direction for future work,  particu-
larly in high-stakes pharmaceutical collaborations where both confidentiality
and molecular quality are important.
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