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Abstract

Matched molecular pairs (MMPs) capture the
local chemical edits that medicinal chemists
routinely use to design analogs, but existing
ML approaches either operate at the whole-
molecule level with limited edit controllability
or learn MMP-style edits from restricted set-
tings and small models. We propose a variable-
to-variable formulation of analog generation
and train a foundation model on large-scale
MMP transformations (MMPTs) to generate
diverse variables conditioned on an input vari-
able. To enable practical control, we develop
prompting mechanisms that let the users spec-
ify preferred transformation patterns during
generation. We further introduce MMPT-RAG,
a retrieval-augmented framework that uses ex-
ternal reference analogs as contextual guidance
to steer generation and generalize from project-
specific series. Experiments on general chemi-
cal corpora and patent-specific datasets demon-
strate improved diversity, novelty, and control-
lability, and show that our method recovers re-
alistic analog structures in practical discovery
scenarios.

1 Introduction

In drug discovery, a fundamental strategy to op-
timize lead molecules is analog design, which in-
volves medicinal chemists leveraging their intuition
to make localized, knowledge-driven edits to exist-
ing molecules, instead of designing entirely novel
molecules (Fischer and Ganellin, 2010; Choung
et al., 2023; Shurtleff et al., 2024). Machine learn-
ing models for molecular optimization have increas-
ingly adopted transformation-based formulations,
learning to transform one molecule into another
through graph edits or sequence-to-sequence gen-
eration (Tysinger et al., 2023; Tibo et al., 2024; He
et al., 2022, 2021). However, most such approaches
treat transformations as implicit, molecule-level
operations, without distinguishing which edits cor-
respond to chemically meaningful local modifi-
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Figure 1: An example of (a) Matched Molecular Pairs
(MMP); (b) Matched Molecular Pair Transformation
(MMPT) and its textual representation.

cations versus arbitrary global rewrites (Ozcelik
et al., 2025). In contrast, medicinal chemists typi-
cally reason in terms of matched molecular pairs
(MMPs) (Dossetter et al., 2013; Yang et al., 2023;
Fischer and Ganellin, 2010; Choung et al., 2023;
Andreev et al., 2020; Meanwell, 2017; Papadatos
et al., 2010; Griffen et al., 2011; Qiao et al., 2026),
which are pairs of molecules that differ by dis-
crete and minimal modifications, such as R-group
substitutions or core replacements, that preserve
synthetic feasibility and support interpretable struc-
ture–activity comparisons, as shown in Fig. 1 (a).
Abstracting away the constant chemical context
and focusing solely on the localized edit yields an
MMP transformation (MMPT), which captures
a context-independent medicinal chemistry mod-
ification corresponding to a single, well-defined
variable-to-variable change, as an example shown
in Fig. 1 (b). MMPTs directly reflect how chemists
use their medicinal chemistry intuition to optimize
lead molecules, and provide a principled way to rep-
resent and learn transferable medicinal chemistry
modifications across different molecular contexts
(Pang et al., 2026).

While MMPTs have appeared occasionally in
machine learning-based molecular optimization,
they remain underexploited as a first-class genera-
tive representation: prior models are typically lim-
ited in scale or trained with specific data (Chen
et al., 2021; Jin et al., 2020), or embedded within
molecule-level generators where MMP relationship
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is only weakly enforced (Tysinger et al., 2023; Tibo
et al., 2024; He et al., 2022, 2021). At the same
time, recent advances in large-scale chemical cor-
pora (Gaulton et al., 2012; Sun et al., 2017; Yu et al.,
2024) and foundation models (Achiam et al., 2023;
Bai et al., 2023) make it newly feasible to learn gen-
eralizable, MMPT-level priors directly from mil-
lions of real data points. This convergence creates
a timely opportunity to revisit MMPTs: not as an
auxiliary constraint, but as the central abstraction
for controllable and scalable analog generation.

Despite their conceptual appeal, realizing
MMPT-centric learning within modern ML sys-
tems poses several technical challenges. First,
many existing analog generation models are op-
timized for molecule-level similarity rather than
explicit localized modifications (Tibo et al., 2024;
He et al., 2022), making it difficult to guarantee that
generated candidates differ from the input by a sin-
gle, well-defined transformation. As a result, users
cannot reliably specify where a modification should
occur (e.g., which R-group or core), nor ensure
that unintended global changes are avoided. Sec-
ond, prior MMPT-based learning approaches are
often constrained to small models, limited transfor-
mation vocabularies, or narrowly curated datasets,
which restrict their ability to absorb the long-tailed,
heterogeneous transformation patterns observed
across large chemical corpora (Chen et al., 2021;
Jin et al., 2020). Third, existing controllable meth-
ods, whether graph-editing models with fixed oper-
ators (Chen et al., 2021; Jin et al., 2020) or prompt-
based use of large language models (Wu et al.,
2024; Wang et al., 2024; Brown et al., 2020), lack
mechanisms to learn transferable, transformation-
level priors that generalize across scaffolds while
remaining interpretable and synthetically plausible.
Finally, practical deployment in medicinal chem-
istry requires models to adapt to user- or project-
specific preferences, such as emphasizing rare but
relevant modifications or following established se-
ries patterns, without costly retraining (Zhang et al.,
2024). Addressing these challenges requires mov-
ing beyond molecule-level generators toward scal-
able, controllable models that operate directly in
the MMPT space.

Motivated by the above complementarity and
limitations, we aim to build a practical MMPT-
centric generation framework that synergizes
chemists’ intuition with the ability of modern ML
to learn from massive data. First, we train an
MMPT foundation model on large-scale transfor-

mation data to generate variables conditioned on
input variables, enabling high-throughput analog
design in a user-controlled edit region. Second,
we develop prompting mechanisms that expose
substructure-level control to users, allowing them
to customize the structural patterns of generated
variables. Third, we introduce an MMPT-RAG
framework that incorporates external reference
datasets: retrieved analogs are organized into struc-
tural clusters and used to reweight the generation
distribution, improving coverage of infrequent yet
chemically meaningful transformations while pre-
serving plausibility.

Our main contributions are summarized as fol-
lows:

• We formalize analog generation in the MMPT
space, treating it as context-independent lo-
cal edits composable across diverse molecular
scaffolds.

• We train a foundation model on large-scale
MMPTs and enable controllable generation
via prompting mechanisms that specify de-
sired structural patterns.

• We propose MMPT-RAG, which retrieves and
clusters reference analogs to steer generation
toward user-preferred patterns without retrain-
ing.

• We validate our approach on in-distribution,
within-patent, and cross-patent benchmarks,
consistently improving recall of ground-truth
transformations while maintaining high valid-
ity and novelty.

2 Related Work

MMP-Based Analog Generation. Most of the
existing MMP-based analog design methods ex-
plore the setting of molecule-level generation, i.e.,
generating entire molecules that are similar to the
given molecule (Jin et al., 2018; Tysinger et al.,
2023; Tibo et al., 2024; He et al., 2022, 2021), and
thus this stream of methods does not support users
specifying a substructure (variable) to edit. Some
existing methods also allow users to specify a struc-
ture to change, with one stream of work formulat-
ing it as a partial molecule completion problem,
including those VAE-based graph generative mod-
els which operate via node generation (Jin et al.,
2018, 2020; Lim et al., 2020; You et al., 2018;
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Pan et al., 2025; Ghaemi et al., 2026) and auto-
regressive generative models that implements it as a
token generation task in the SMILES space (Olive-
crona et al., 2017; Loeffler et al., 2024). With the
advancements of LLMs, some work also explored
leveraging LLMs’ zero-shot ability to suggest vari-
able replacements (Wu et al., 2024; Wang et al.,
2024; Brown et al., 2020). Among these methods,
the LibINVENT module (Loeffler et al., 2024) in
REINVENT 4 (Loeffler et al., 2024) stands out
as a strong baseline with a wide industrial appli-
cability, benefiting from its large training corpus.
However, all the above methods target learning the
conditioned molecular completion task. To our best
knowledge, no existing method attempts to directly
learn a context-independent variable replacement
objective.

3 Problem Formulation

We formalize analog design as variable-to-variable
generation in MMPT space. An MMPT is defined
as a transformation vA → vB where vA and vB are
substructural variables that differ by a single local-
ized edit, while the rest of the molecule remains
unchanged (Fig. 1). Given an input variable vA, our
goal is to generate a set of candidate substitutions
{v(1)B , v

(2)
B , . . . } that constitute valid MMPTs.

Unlike molecule-level generation where edits are
implicit and entangled across the structure, directly
operating in MMPT space recasts the task as learn-
ing conditional distributions over local chemical
transformations rather than entire molecules. How-
ever, this formulation introduces several challenges:
(i) the MMPT space is large and highly imbalanced,
where rare but meaningful transformations are dif-
ficult for small models to learn; (ii) models using
formal chemical languages capture precise struc-
ture but are hard to control via prompts, whereas
natural language models support flexible prompt-
ing but lack explicit structural enforcement; and
(iii) practical use demands distributional steering
toward project-specific patterns without retraining.

4 Methodology

To address the challenges outlined above, we pro-
pose a two-component framework centered on
MMPTs. First, to address the challenges of the
large, long-tailed MMPT search space and the chal-
lenge in enabling flexible user control, we intro-
duce MMPT-FM, a foundation model trained di-
rectly on large-scale MMPT data. By modeling

variable-to-variable transformations in a chemi-
cally grounded token space and supporting struc-
tured prompting, MMPT-FM learns generalizable
transformation-level priors while enabling user-
guided generation. To address the challenge of
explicit, project-level controllability without re-
training, we introduce MMPT-RAG, a retrieval-
augmented generation framework that incorporates
external reference analogs as guidance, allowing
users to bias generation toward preferred transfor-
mation patterns and project-specific needs.

4.1 MMPT-FM: A Promptable MMPT
Foundation Model

Here, we construct our foundation model, MMPT-
FM, that operates directly in the MMPT space,
learning variable-to-variable transformations as the
primary generative unit. We further equip it with
a prompting mechanism that conditions genera-
tion on optional user-specified structural templates,
thereby enabling more flexible user control.

4.1.1 Training of MMPT-FM.

We train our foundation model on pairs of local-
ized transformation vA → vB , where both vA and
vB are represented as SMARTS (Daylight Chemi-
cal Information Systems, 2019), a textual chemical
representation method for substructures. Formally,
let Σ denote a finite vocabulary of SMARTS to-
kens, including atomic symbols (e.g., C, N, O),
bond descriptors (e.g., =, #), and other syntac-
tic elements for SMARTS expressions. Each
variable is represented as a sequence over Σ as
vA = (τA1 , . . . , τ

A
n ), vB = (τB1 , . . . , τ

B
m), where

τAi , τ
B
j ∈ Σ. An MMPT is therefore formulated as

a conditional sequence-to-sequence mapping from
vA to vB , and the model learns the conditional
distribution p(vB | vA) defined over syntactically
valid and chemically plausible SMARTS variables.

To construct the training data, we extract
MMPTs from ChEMBL (Gaulton et al., 2012) us-
ing MMPDB (Dalke et al., 2018), yielding approx-
imately 2.6M unique transformations after filtering
for drug-like compounds. We model this using
an encoder-decoder Transformer initialized from
T5Chem (Christofidellis et al., 2023; Lu and Zhang,
2022), a chemically pretrained T5-style model. Im-
plementation details and full dataset statistics are
provided in Appendix A and B.
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Figure 2: Overview of the proposed MMPT framework. (a) The foundation model (MMPT-FM) is trained on
large-scale MMPT data. (b) MMPT-FM supports controllable generation via masked template prompting. (c)
MMPT-RAG augments generation with retrieval, clustering, and MCS-based template extraction to guide context-
aware transformation generation.

4.1.2 Prompted Generation with MMPT-FM.

In practical medicinal chemistry workflows, ana-
log design is rarely unconstrained; chemists of-
ten seek to impose explicit structural conditions,
such as preserving a core motif or exploring a
specific transformation family, making it essen-
tial for an MMPT generation framework to support
user-specified structural patterns. Unlike natural
language models, where intent can be expressed
through appended text instructions, MMPT-FM op-
erates purely in chemical token space, so desired
structural patterns cannot be specified as free-form
text. To preserve the variable-to-variable formula-
tion while enabling control, we encode user intent
as partial structural constraints on the output.

The prompted generation process is illustrated
in Fig. 2 (b). Specifically, we formulate prompted
generation of MMPT-FM as a constrained se-
quence completion task, where the user can im-
pose a structural constraint S that defines the
preferred chemical substructure to be preserved
in the generated vB , with some undefined posi-
tions that the model is asked to complete. For-
mally, we define a masked template T as T =
(τ1, τ2, . . . , τL),where each τi ∈ Σ ∪ {[MASK]}.
The mapping from a user-specified structural con-
straint S to a textual template T is operated by
preserving the chemical tokens corresponding to
the fixed substructure S while replacing the unde-

fined positions with [MASK] tokens.
The generation objective is to find complete vari-

able sequences vB that are compatible with T . At
inference time, the generator performs approximate
inference to produce a set of candidate variables
VB = {v(1)b , . . . , v

(K)
b } that complete the masked

positions conditioned on T . These candidates are
selected to have high likelihood under the model as

PromptGen(vA, T̃ ,K)

=argmax
S,|S|=K

∑︂

v
(i)
B ∈S

log pθ

(︂
v
(i)
B | vA, T

)︂
, (1)

where θ denotes the parameters of the trained
MMPT-FM, and K is the desired number of output
variables.

We implement masked infilling via an explicit
search over the space of possible span completions,
using the model likelihood to score each candi-
date. To make this search tractable, in practice, we
limit the branching factor at each masked position
by selecting only the effective number Neff (Jost,
2006) of high-probability tokens, calculated by
Neff = 2H2(p), where p is the token probability
distribution of generating each token, andH2(p) =
− log2

∑︁
i p

2
i is the Rényi entropy (Rényi, 1961)

of order 2 of the token distribution p. Starting
from the initial masked template, we conduct a tree
search by iteratively filling masked positions with
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these candidate tokens, and accumulating sequence-
level log-likelihoods from the model. Finally, we
rank completed candidates by their likelihood and
return the top-k infilled fragments as the model’s
suggested variable substitutions.

4.2 MMPT-RAG: A RAG Framework for
MMPT Generation

MMPT-FM learns a global prior over chemically
meaningful MMPTs from large-scale data, whereas
practical design often relies on project-specific ref-
erence analogs. A principled generator should
therefore interpolate between general chemical
knowledge and project-specific patterns, rather
than overriding one with the other. We realize
this idea through MMPT-RAG, which integrates
retrieval as guidance (Section 4.2.1) and admits a
theoretical interpretation as an explicit distribution
shift from model prior to reference dataset distribu-
tion (Section 4.2.2).

4.2.1 Workflow.
MMPT-RAG guides the generation towards a ref-
erence database D. Let D = {(v(i)A → v

(i)
B )}Ni=1

denote a reference database of MMPTs. Given an
input variable vA, the framework retrieves relevant
MMPTs, clusters them to identify representative
patterns, and converts each cluster into a structural
template. These templates are then used to prompt
MMPT-FM via masked infilling, as illustrated in
Fig. 2 (c). The workflow proceeds in three steps
detailed below.

Step 1: Retrieval with input similarity. To
leverage the useful examples from the retrieval
dataset, we retrieve variables structurally similar to
the query. Let ψ(·) denote an embedding function,
which is usually implemented with the Morgan fin-
gerprint (Morgan, 1965). For query vA, we retrieve
top-K nearest neighbors VA from the database D
as

VA = Retrieve(vA;D)

=

⎧
⎨
⎩v

(i)
A

⃓⃓
⃓⃓
⃓⃓

(v
(i)
A →v

(i)
B ) ∈ D,

i ∈ TopK
(︂
sim

(︂
ψ(vA), ψ(v

(i)
A )

)︂)︂
⎫
⎬
⎭ .

(2)
where sim(·) denotes a function to calculate simi-
larity, usually implemented using cosine similarity,
yielding candidate contexts v′A ∈ VA. Given a
retrieved set of input variables VA = {v(i)A }, we
denote by VB = {v(j)B } the set of all variables such
that there exists some i, j that (v(i)A → v

(j)
B ) forms

an MMPT in D as

VB = {vB | ∃vA ∈ VA, (vA, vB) ∈ D} (3)

Step 2: Clustering of Retrieved Examples. To ex-
tract representative structural patterns in retrieved
VB, we perform clustering over the retrieved out-
puts. We compute embeddings ϕ(vB) for all
vB ∈ VB and partition them into K clusters

C1, . . . , CK = Cluster({ϕ(vB) : vB ∈ VB }) , (4)

using a clustering algorithm, which is implemented
as HDBSCAN (McInnes et al., 2017) in this work.

Step 3: Cluster pattern-prompted generation.
For each cluster Ck, we first identify its invari-
ant chemical scaffold. The invariant substruc-
ture is defined as the Maximum Common Sub-
structure (MCS) (Raymond et al., 2002) among
these retrieved molecules as Sk = MCS(Ck). In
practice, this can be automatically computed us-
ing the rdkit.Chem.MCS.FindMCS function (Lan-
drum, 2013), which finds the largest subgraph com-
mon to all variables in Ck. Then we construct the
masked template Tk for each MCS Sk via the ap-
proach introduced in Section 4.1.2. The resulting
Tk serves as the cluster-invariant template, which is
further used as the prompt to guide the generation.

Given cluster-specific templates {Tk}Kk=1 and
an (optional) user-specified preference distribution
π̃(x), MMPT-RAG generates outputs from each
template proportionally to its assigned weight. For-
mally, the RAG output is defined as

RAG(vA) =
K⋃︂

k=1

PromptGen(vA, Tk, Nk) , (5)

where Nk denotes the generation budget allocated
to cluster k and Nk ∝ π̃k(x), π̃(x) is the user-
specified preferred cluster distribution for each clus-
ter Ck:

π̃(x) =
(︁
π̃1(x), . . . , π̃K(x)

)︁
, π̃k(x) ≥ 0,

K∑︂

k=1

π̃k(x) = 1,
(6)

where π̃k(x) can encode arbitrary user preferences.

4.2.2 Theoretical Analysis.
To analyze the RAG mechanism, we formalize the
interaction between the foundation model and the
reference set as a Bayesian integration. We show
that MMPT-RAG performs a global distribution
shifts toward the reference dataset while maintain-
ing the knowledge of the foundation model
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Theorem 4.1 (Global Steering). Let pθ(y | x) be
the conditional distribution over variables y ∈ V
defined by the unconstrained foundation model. As-
sume that for each cluster k, prompting the model
with template Tk (via masked infilling) results in a
local distribution p(y | x, Tk) that is an adaptive
interpolation between the model’s prior and the
cluster-specific reference p(y | Tk):
p(y | x, Tk) = (1− αk)pθ(y | x) + αkp(y | Tk),

(7)
where αk ∈ (0, 1] is an adaptive gating factor re-
flecting the model’s adherence to template Tk under
context x.

Then, the global RAG distribution defined in (5),
pRAG(y | x), satisfies:

pRAG(y | x) = (1− ᾱ)pθ(y | x) + ᾱp∗ref(y | x),
(8)

where ᾱ =
∑︁

k π̃kαk and p∗ref(y | x) =∑︁
k

π̃kαk
ᾱ p(y | Tk).

Proof of Theorem 4.1. See Appendix F.

5 Experiments

5.1 Experimental Setup
5.1.1 Main Experiment Tasks.
We evaluate our framework on three progressively
more realistic analog-generation tasks.

Task 1: In-distribution MMPT Generation.
This task evaluates whether the model can recover
valid and novel local transformations under an in-
distribution setting. We use the 10% held-out split
of the ChEMBL MMPT dataset, constructed with
the same MMPT extraction pipeline as training but
with disjoint MMPTs.

Task 2: Within-Patent Analog Expansion.
This task evaluates MMPT generation within a
real-world medicinal chemistry project. We use the
PMV Pharmaceutical patent dataset (PMV17) (Vu
et al., 2017); dataset statistics are reported in Ap-
pendix B. This setting tests whether the model
can discover promising variables within an active
patent series.

Task 3: Cross-Patent Follow-up Generation.
This task evaluates whether a model can pro-
pose forward-looking MMPTs that appear in later
patents, reflecting temporal medicinal chemistry
progression. We construct a patent-to-patent setting
by extracting MMPTs linking compounds from
PMV17 (2017) to those in PMV21 (Vu et al., 2021)
(2021), both from PMV Pharmaceuticals patent
filings.

5.1.2 Compared Methods.
Since no existing method is explicitly designed
for the variable-to-variable MMPT formula-
tion, we compare against: Retrieval (nearest-
neighbor lookup in the reference set); GPT-5.4,
a general-purpose LLM; and REINVENT4 (Lib-
INVENT) (Loeffler et al., 2024), a molecule-level
analog generation framework conditioned on the
constant scaffold. For our own methods, we report
MMPT-FM (foundation model only) and MMPT-
RAG (our full framework).

5.1.3 Evaluation Metrics.
We report three metrics: Valid (percentage of chem-
ically valid variables with the correct number of
attachment points), Novel (percentage of outputs
not seen during training; reported as Novel/valid
and Novel/all, i.e., among valid outputs or among
all outputs), and Recall (percentage of ground-truth
transformations recovered). For patent-based tasks,
we further report Recall-i and Recall-o for trans-
formations inside and outside the training set, re-
spectively.

5.1.4 Implementation Details.
All implementation details are given in Ap-
pendix A.

5.2 Main Results

Results for all three tasks are presented in Table 1.
Looking across all three tasks, the baselines each

exhibit characteristic weaknesses. Database re-
trieval achieves moderate recall (22.7–43.5%) but
zero novelty and out-of-training coverage. REIN-
VENT4 produces novel outputs but suffers from
low recall (<13%) and validity (<33%) across all
tasks. GPT-5.4 attains the highest novelty among
baselines yet achieves recall of at most 26.6%, con-
firming that general-purpose LLMs lack the special-
ized transformation coverage needed for MMPT
prediction.

In contrast, our framework substantially outper-
forms all baselines on every metric. MMPT-FM
improves recall by at least >24 points over the
best baseline across all tasks (67.6% vs. 43.5%
on Task 1; 41.4% vs. 22.7% on Task 2; 43.8%
vs. 28.6% on Task 3), while maintaining validity
above 98%. MMPT-RAG pushes recall further
to 82.1%, 49.2%, and 46.8% respectively—a rela-
tive improvement of >18% over MMPT-FM—and
achieves the strongest out-of-training-set recovery
(Recall-o = 15.2% on Task 2, 13.0% on Task 3).
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Table 1: MMPT generation performance on three tasks.

(a) Task 1: ChEMBL MMPT Dataset

Method Recall Novel/val. Novel/all Valid

Retrieval 43.5% 0.0% 0.0% 100%
GPT-5.4 5.3% 74.5% 60.3% 81.0%
REINVENT 4 12.7% 23.0% 5.6% 24.4%
MMPT-FM 67.6% 26.0% 25.8% 99.3%
MMPT-RAG 82.1% 30.1% 29.8% 99.1%

(b) Task 2: PMV17 MMPT Dataset

Method Recall Novel Valid
Total /i /o /valid /all

Retrieval 22.7% 29.4% 0.0% 0.0% 0.0% 100%
GPT-5.4 26.6% 31.4% 10.1% 73.5% 61.7% 83.9%
REINVENT 4 5.1% 7.1% 0.0% 48.2% 15.7% 32.5%
MMPT-FM 41.4% 52.1% 13.2% 23.0% 22.7% 98.9%
MMPT-RAG 49.2% 62.1% 15.2% 23.7% 23.4% 98.6%

(c) Task 3: PMV17-PMV21 Cross-Patent Generation

Method Recall Recall/i Recall/o

Retrieval 28.6% 57.5% 0.0%
GPT-5.4 20.0% 35.0% 5.0%
REINVENT 4 7.4% 12.2% 1.9%
MMPT-FM 43.8% 76.5% 11.5%
MMPT-RAG 46.8% 81.4% 13.0%

(a) ChEMBL dataset. (b) PMV17 dataset.

Figure 3: Visualizations of the chemical space explored
by our foundation model MMPT-FM (blue) versus Re-
trieval (red) on (a) ChEMBL and (b) PMV17 datasets.

These results demonstrate that MMPT-centric foun-
dation models combined with retrieval augmen-
tation consistently outperform both conventional
and LLM-based approaches across diverse analog-
generation settings.

5.3 Decoupled Analysis

Evaluation of MMPT-FM’s Chemical Space
Coverage. To assess the fundamental generative
capability of MMPT-FM, we evaluate its ability to
explore the chemical space compared to Retrieval.
We utilize a randomly sampled group of 50 unique
variables from both ChEMBL and PMV17 to gen-
erate candidate sets. The structural distributions
are visualized by projecting their Morgan finger-
prints using PCA, comparing the spans of FM-
generated candidates against retrieved variables.

Table 2: Effect of beam size on average validity of
MMPT-FM, averaged on the ChEMBL MMPT held-out
test set.

Beam 400 600 800 1000 1200

Avg Validity 0.9992 0.9991 0.9989 0.9988 0.9986

Table 3: Prompted generation on ChEMBL and PMV17
at different numbers of generations (K). We report Va-
lidity, Recall of ground truth, and numbers of generated
unique and valid variables (#Unique).

ChEMBL PMV17

K Valid (%) Recall (%) #Uniq Valid (%) Recall (%) #Uniq

1 100.0 58.0 1.00 98.0 46.0 0.98
10 86.0 96.0 8.60 79.2 90.0 7.92
20 74.1 100.0 14.82 62.9 96.0 12.58
50 48.0 100.0 24.00 39.24 98.0 19.62

100 31.7 100.0 31.70 24.84 98.0 24.84
200 20.8 100.0 41.60 15.79 98.0 31.58

Visual analysis of the PCA projections (Fig. 3) re-
veals that MMPT-FM (blue) consistently explores
a substantially larger chemical volume compared
to Retrieval (red), demonstrating superior extrapo-
lation beyond the training distribution.

We further study how beam size affects the valid-
ity of MMPT generation on the ChEMBL MMPT
held-out test set. As shown in Table 2, validity re-
mains consistently high across all beam sizes, with
only a slight decrease from 0.9992 at beam 400
to 0.9986 at beam 1200, which is usually enough
for application scenarios. This indicates that our
generator is not validity-bottlenecked by search
depth within its intended operational range; increas-
ing beam primarily expands the candidate pool but
does not harm chemical correctness.

Evaluation of the Prompted Generation
Mechanism of MMPT-FM. We evaluate control-
lability through a masked infilling task, where
MMPT-FM must complete user-specified struc-
tural templates with chemically valid variables. We
sample 50 variables from each of ChEMBL and
PMV17, create three masked templates per vari-
able, and perform prompted generation with 1,000
beams and a length margin of 7. As shown in
Table 3, MMPT-FM achieves high ground-truth re-
covery even under structural constraints: at K = 1,
recall reaches 58.0% on ChEMBL and 46.0% on
PMV17, and by K = 20 it approaches saturation
on both datasets. At larger K, the model also pro-
duces many unique valid candidates, indicating that
masked structural prompting enables both control-
lable and diverse MMPT generation.

Analysis of Distribution Steering via RAG.
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Figure 4: UMAP visualization of MMPT-FM and
MMPT-RAG’s chemical landscape on PMV17. The
grey shaded areas represent the reference dataset’s dis-
tribution. Compared to FM inference (blue), the MMP-
RAG framework (red) populates structural voids where
the foundation model is sparse or absent.

To investigate how retrieval augmentation steers
the generative process toward target chemical do-
mains, we visualize the global distribution of gen-
erated analogs against the reference patent dataset
(PMV17). We compare the union of outputs from
50 random unique inputs generated via vanilla FM
inference versus the MMPT-RAG framework, us-
ing the PMV17 dataset as the reference. For clar-
ity, the RAG visualization highlights the additional
coverage contributed beyond vanilla FM outputs, il-
lustrating the complementary effect of retrieval aug-
mentation. As illustrated in Fig. 4, MMPT-RAG
(red) expands into multiple structural regions that
remain underexplored by the vanilla foundation
model (blue). The vanilla FM tends to concentrate
in high-probability general regions, leaving several
reference clusters sparsely covered. In contrast,
retrieval augmentation encourages the model to
populate these underrepresented areas, effectively
filling distributional gaps. This shift indicates that
RAG enhances coverage of project-relevant chemi-
cal space by guiding generation toward regions of
the reference dataset.

Property Evaluation and Extension for Op-
timization. To assess whether generated vari-
ables translate into realistic drug-like molecules,
we reconstruct full product molecules and evalu-
ate their synthetic accessibility, drug-likeness, and
logP across all three tasks (Appendix D). Addi-
tionally, we demonstrate that the framework can
be extended for property-conditioned generation
through simple methods like post-hoc reranking

Input Output-1 Output-2 Output-3Input Output-1 Output-2 Output-3

Figure 5: Examples of MMPT-FM generations. In each
row, the left structure is the input variable, and the struc-
tures on the right are generated outputs.

Retrieved
Cluster 1

Input Query

Retrieved
Cluster 2

MCS
from Cluster 1

MCS
from Cluster 2

RAG Results
from Cluster 2

RAG Results
from Cluster 1

Figure 6: Examples of MMPT-RAG generations. Re-
trieved variables are clustered, an MCS is extracted per
cluster, and generation is conditioned on each cluster’s
template (MCS).

and fine-tuning (Appendix E).
Hyperparameter Sensitivity. We additionally

examine the hyperparameter sensitivity of MMPT-
RAG in Appendix C. Results show that moderate
increases in all three parameters improve perfor-
mance with diminishing returns.

5.4 Qualitative Evaluation

To complement the quantitative results, we present
representative qualitative examples in Fig. 5 and
Fig. 6. Fig. 5 shows that MMPT-FM generates mul-
tiple diverse and chemically plausible variants for
each input variable, preserving valid valence pat-
terns, realistic functional groups, ring systems, and
multiple attachment points, which indicates its abil-
ity to handle context-dependent transformations
across substitution sites. Fig. 6 further illustrates
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MMPT-RAG on the same input as the first example
in Fig. 5. Structurally similar historical variables
are retrieved and clustered by shared substructures;
for each cluster, the extracted Maximum Common
Substructure (MCS) serves as a template capturing
its dominant transformation pattern. Conditioned
on these cluster-specific templates, MMPT-RAG
generates outputs that reflect the corresponding
cluster patterns while remaining chemically valid
and diverse, showing that RAG steers generation
toward specific transformation families without sac-
rificing chemical plausibility.

6 Conclusion

In this work, we reframed analog generation as
a transformation-to-transformation task grounded
in Matched Molecular Pair Transformations
(MMPTs), explicitly modeling the localized ed-
its that encode medicinal chemistry intuition. We
trained MMPT-FM on large-scale transformation
data to generate variable substructures that balance
chemical plausibility and structural novelty. We
further introduced MMPT-RAG, which uses ex-
ternal reference datasets to steer generation toward
project-specific motifs. Experiments on general
chemical corpora and time-split patent series show
improved diversity and validity, as well as recovery
of prospective ligands in realistic discovery scenar-
ios. Overall, this work establishes MMPTs as a
first-class generative abstraction for combining ma-
chine learning with medicinal chemistry expertise.

7 Limitations

Our approach relies on the availability and cov-
erage of large historical transformation datasets,
and its performance may vary in underrepresented
chemical domains. While we demonstrate that
property-conditioned generation is feasible through
post-hoc reranking and fine-tuning, direct integra-
tion of multi-objective optimization into the MMPT
generation process itself remains an important di-
rection for future work. AI assistant was used for
Coding and refining this draft.
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A Implementation Details

Foundation model training and inference. To
obtain the foundation model, we leverage the
ChemT5 model (Christofidellis et al., 2023), an
encoder-decoder transformer pretrained on chemi-
cal datasets, as our base model. ChemT5 contains
approximately 220 million parameters and has been
fine-tuned for tasks in cheminformatics. It consists
of 12 layers, 12 attention heads, 220M parameters,
and processes input sequences up to 512 tokens
(Christofidellis et al., 2023). We employed stan-
dard supervised training to fine-tune all parameters
of the base model. Teacher forcing (Williams and
Zipser, 1989) is incorporated to improve training
stability. The training was conducted with a batch
size of 64 on each device, and a learning rate of
5e-4. We use an early stop strategy with a tolerance
of 2 epochs based on the evaluation loss. Utiliz-
ing four NVIDIA A6000 GPUs (48 GB each), the
training process required approximately 70 hours
to complete. During inference with the founda-
tion model, for each input, we use beam search to
produce 1000 outputs with a maximum length of
50.

Retriever. We pre-build a nearest-neighbor in-
dex with HNSW (Malkov and Yashunin, 2018)
and query it with cosine distance over the Morgan
Fingerprint (Morgan, 1965) embedding space. At
inference time, we first retrieve at most top 500
nearest input variables, then expand each input into
its associated label set. To ensure compatibility
with the query, we filter candidates by the number
of wild atoms (i.e., attachment points) to match
the query variable. We then compute Morgan fin-
gerprints and re-rank retrieved label candidates by
Tanimoto similarity between the query and candi-
date labels, retaining the top set for downstream
RAG steps.

Clustering, Template Construction. We clus-
ter the retrieved labels in structure space using
a shared-substructure clustering method, where
we first compute pairwise similarities between re-
trieved outputs using the size of the RDKit maxi-
mum common substructure (MCS) normalized by
the smaller molecule. We then perform agglomer-
ative hierarchical clustering (average linkage) on
the corresponding distance matrix, and cut the den-
drogram at a similarity threshold of 0.70 to obtain
clusters. To avoid overly coarse motifs, any cluster
exceeding 10 molecules is recursively split using
the same linkage procedure until all clusters sat-

isfy the size constraint. For each retained cluster,
we compute a Maximum Common Substructure
(MCS), whose resulting SMARTS string serves as
the cluster-invariant template.

We further convert this template into a partially
specified output constraint by masking atoms out-
side the invariant scaffold. Concretely, we apply
substructure masking to produce a template string
where masked spans are denoted by a special mask-
ing character. We then convert each masked span
into a single <BLANK> placeholder and perform
span infilling using the generative model, as in-
troduced in the prompted generation section.

Prompted Generation via Mask Infilling. The
infilling search is controlled by 11 maximum new
tokens per blank, 200 maximum total candidate
continuations, and 200 top candidates scored. The
final RAG outputs are the union of valid, RDKit-
parsable infilled candidates across templates. We
exclude any duplicate sequences.

Implementation of Compared Methods. For
Retrieval, we first retrieve at most 50 input vari-
ables from the reference dataset that are most simi-
lar to the test query based on fingerprint similarity.
We then collect all corresponding output variables
paired with these retrieved inputs. If the resulting
candidate set exceeds 1000 outputs, we retain the
1000 variables that are most similar to the test query
to ensure a fair comparison in terms of candidate
size. REINVENT4 (LibINVENT) follows a differ-
ent formulation, generating variables conditioned
on a scaffold rather than directly modeling MMPT-
style variable-to-variable transformations. To align
the setting with our task, we use the constant frag-
ment identified by MMPDB as the scaffold input
and generate up to 1000 candidate variables for
each query.

For consistency, all methods, including MMPT-
FM and MMPT-RAG, generate 1000 candidates
per input.

B Dataset Statistics

Training data. We use MMPDB (Dalke et al.,
2018) to extract MMPs from ChEMBL (Gaulton
et al., 2012) with a maximum variable ratio of 33%
(max-variable-ratio = 0.33). Molecules are
first filtered using the rule_of_druglike_soft
criterion (Noutahi et al., 2025), retaining only com-
pounds with molecular weight ≥ 200 Da and re-
moving structural alerts (Walters, 2018). After fil-
tering, 800,714 compounds remain, which yield
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361,706 drug-like compounds with valid MMPs.
The resulting MMP pairs total approximately 4M,
from which we extract 2,638,199 unique variable-
to-variable transformations. The vocabulary con-
tains 262,448 unique variables (148,488 unique
inputs; 217,882 unique outputs). The ChEMBL
held-out test set comprises 2,349 unique input scaf-
folds and 2,639 ground-truth transformations. We
use 90% of these transformations for training and
reserve the remaining 10% as the held-out evalua-
tion set.

Patent data. The PMV17 patent dataset con-
tains 62 molecules and 152 R-groups, yielding
16,831 ground-truth transformations within the
patent series. For the cross-patent evaluation task
(PMV17 → PMV21), the target patent (PMV21)
contains 286 R-groups with a total of 5,395 ground-
truth cross-patent transformations.

C Hyperparameter Sensitivity Analysis

To better understand the behavior of MMPT-RAG,
we perform a sensitivity analysis on three hyperpa-
rameters that control generation quality: the num-
ber of retrieved clusters expanded, i.e., generate
using its MCS (default 10), the number of variables
generated per cluster (default 50), and the mask-
infilling length range used during sequence com-
pletion (default = original length before masking
±7). We vary one hyperparameter at a time while
keeping the others fixed: clusters 3, 5, 10, 20, vari-
ables per cluster 10, 25, 50, 100, and mask range
[1, 3], [1, 5], [1, 7], [1, 9]. Figure 7 shows that mod-
erate increases in all three parameters improve per-
formance, while larger values provide diminishing
returns. Expanding more clusters improves results
by exposing more diverse retrieved patterns and
then stabilizes around 10 to 20 clusters. Increasing
the number of variables per cluster expands search
coverage but saturates near 50 samples. Widening
the mask-infilling range consistently helps up to
[1, 7], after which additional flexibility yields little
gain. Based on these trends, we recommend 10
clusters, 50 variables per cluster, and a mask range
of [1, 7] to balance performance and computation.

D Property Evaluation

To evaluate whether the generated variables trans-
late into realistic full molecules, we reconstruct
full product molecules by applying the generated
variable to the constant scaffold and compute three
widely-used molecular property metrics: synthetic
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Figure 7: Hyperparameter Study. (a) the number of clus-
ters to expand, (b) the number of variables to generate
for each cluster, (c) the range of mask length to fill.

accessibility (SA, lower is easier to synthesize),
quantitative estimate of drug-likeness (QED, higher
is more drug-like), and octanol-water partition
coefficient (logP). We compare properties of re-
constructed molecules against the ground-truth
molecules from the dataset across all three tasks.

As shown in Table 4, both MMPT-FM and
MMPT-RAG produce molecules with synthetic ac-
cessibility, drug-likeness, and logP values close to
those of ground-truth molecules across all three
tasks. The property distributions overlap substan-
tially with ground truth, indicating that the gener-
ated transformations preserve favorable physico-
chemical profiles. In particular, SA scores indicate
high synthetic feasibility, and QED values confirm
drug-like character. These results demonstrate that
the proposed framework generates not only struc-
turally valid and novel MMPTs but also practically
relevant molecules suitable for downstream medic-
inal chemistry consideration.

E Property Optimization via Post-hoc
Reranking and Fine-Tuning

While the core MMPT framework is designed as
a structure-level generator, it can be extended to
support property-conditioned generation through
two lightweight mechanisms: post-hoc reranking
and fine-tuning. We evaluate these on a solubility-
annotated subset of ChEMBL comprising 500 held-
out molecular pairs with associated aqueous sol-
ubility measurements. For each input variable,
we generate 100 candidates using (1) the base
MMPT-FM and (2) a solubility-finetuned variant
trained on approximately 266K MMPTs derived
from solubility-increasing transformations. Full
product molecules are reconstructed, and aqueous
solubility is predicted using a RandomForest re-
gressor. We report the mean predicted solubility
change (∆log10 molarity) across inputs.

As shown in Table 5, the base MMPT-FM with-
out property guidance produces a near-zero aver-
age solubility change across all candidates. Sim-
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Table 4: Property evaluation of reconstructed full molecules.

Method Task 1 Task 2 Task 3

SA↓ QED↑ logP SA↓ QED↑ logP SA↓ QED↑ logP

MMPT-FM 2.48±0.58 0.63±0.18 3.50±1.29 3.83±0.45 0.31±0.13 4.52±1.30 3.37±0.26 0.35±0.10 5.10±0.97
MMPT-RAG 2.99±0.60 0.59±0.20 3.35±1.36 3.95±0.42 0.32±0.15 4.07±1.35 3.76±0.36 0.30±0.10 4.79±1.00
GT 2.28±0.49 0.71±0.14 3.02±1.15 3.20±0.29 0.41±0.11 4.62±0.82 3.25±0.22 0.41±0.07 4.79±0.68

Table 5: Property-conditioned generation results. Aver-
age predicted solubility change (∆log10 molarity) under
different selection strategies.

Selection MMPT-FM Sol-Finetuned

All candidates (avg) −0.11 +0.55
Top-1 (rerank) +0.78 +1.55
Top-5 (rerank) +0.58 +1.39
Top-10 (rerank) +0.47 +1.31
Top-50 (rerank) +0.04 +0.98

ple post-hoc reranking by the property predictor
yields substantial improvements, with Top-1 reach-
ing +0.78 log units. Fine-tuning on solubility-
increasing MMPTs further elevates the baseline to
+0.55 and Top-1 to +1.55, demonstrating that the
model can learn property-guided transformation
patterns directly from data. These results confirm
that our framework supports lightweight property
optimization while maintaining its core structure-
generation capabilities.

F Proof of Theorem 4.1

Proof. According to the workflow defined in Eq. 5,
the MMPT-RAG framework constructs the global
generation as a mixture of cluster-conditioned dis-
tributions with weights π̃k. Summing over the vari-
ables y:

pRAG(y | x) =
K∑︂

k=1

π̃kp(y | x, Tk)

=

K∑︂

k=1

π̃k
[︁
(1− αk)pθ(y | x)+

αkp(y | Tk)
]︁

= pθ(y | x)
K∑︂

k=1

π̃k(1− αk)+

K∑︂

k=1

π̃kαkp(y | Tk).

Using
∑︁
π̃k = 1 and the definition ᾱ =

∑︁
π̃kαk,

the first term simplifies to (1 − ᾱ)pθ(y | x). The

second term, by multiplying and dividing by ᾱ,
recovers the effective reference p∗ref(y | x). Thus:

pRAG(y | x) = (1− ᾱ)pθ(y | x) + ᾱp∗ref(y | x).
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