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ABSTRACT

In-context learning lets large models adapt to new tasks from a few demonstrations,
but it has shown limited success in molecular design, where labeled data are
scarce and properties span millions of biological assays and material measurements.
We introduce demonstration-conditioned diffusion models (DemoDiff), which
define task contexts through molecule—score examples instead of texts. These
demonstrations guide a denoising Transformer to generate molecules aligned with
target properties. For scalable pretraining, we develop a new molecular tokenizer
with Node Pair Encoding that represents molecules at the motif level, requiring
5.5x fewer nodes. We pretrain a 0.7B parameter model on datasets covering drugs
and materials. Across 33 design tasks in six categories, DemoDiff matches or
surpasses language models 100-1000x larger and achieves an average rank of 4.10
compared to 6.56—17.95 for 19 baselines. These results position DemoDiff as a
molecular foundation model for in-context molecular design.

1 INTRODUCTION

In-context learning (ICL) is the emergent capability of large models to infer task-specific concepts
from a few demonstrations (Xie et al.,2021). ICL has been studied in large language models (LLMs),
but was found less effective for molecular design than specialized methods (Liu et al.,|2024b)). These
specialized models often depend on extensive Oracle calls (Gao et al.,|2022)) or large labeled datasets
beyond what context examples provide. Molecular tasks, however, involve millions of types, many
with only a few labeled examples (Zdrazil et al.| [2024). Such examples are enough to form task
contexts but insufficient to train a new model. This trade-off motivates our in-context molecular
design, which combines the flexibility of ICL with the efficiency of molecular domain knowledge.

Molecular structures and properties are discrete graphs and numbers with varying scales and units.
Directly adapting the autoregressive framework from LLMs is infeasible (Brown et al., [2020)) for
in-context molecular designs, as the input and output of language data are text in sequential order.
Diffusion models show promise for molecular structures (Vignac et al.,[2022)), and Graph Diffusion
Transformers (Graph DiTs) are effective for modeling their joint distribution with properties (Liu
et al.| |2024c). However, Graph DiTs have been studied with at most five properties represented
in a single vector. In practice, molecular properties span millions of assays in biology, including
functions, binding, ADME, and toxicity, as well as material properties such as gas permeability,
thermal conductivity, and glass transition temperature (Figure [T). Representing all properties in
one-hot vector with millions of dimensions is inefficient, produces sparse pretraining data since many
assays have fewer than ten labels, and limits generalization to unseen properties in downstream tasks.

Instead of a property vector with a large embedding table, we use demonstrations to define the task
context for molecular design. As shown in Figure (I} the demonstrations consist of a set of molecules
with scores in [0, 1] and molecular design is framed as a query for the target score of 1. Molecules
in the context do not follow a strict order, and their scores serve as relative positions to the target,
functioning as a replacement for position IDs in Transformers. (Xie et al.,[2021) described ICL in
LLMs as implicit Bayesian inference over latent concepts expressed by examples in the prompt.
Similarly, each task in Figure[I]|shares the concepts defined by the joint distribution of molecules
and their scores. The denoising Transformer in the Graph DiT attends to the context, implicitly
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Figure 1: In-context molecular design with DemoDiff. Each demo is de ned as a score—molecule
pair, and a set of them forms the task context as conditions. After pretraining on large and diverse
tasks, DemoDiff serves as a foundation model for designing molecules in new task contexts. Scores
represent relative distances to the target and are converted from raw labels, as shown i@ction 3.3.

extracts concepts, and uses them to guide the reverse process to re ne the structure. An example
generation trajectory is shown in Figure 7. A simple way to represent the task concept is to use
positive demonstrations, such as molecules close to the target or active in the assay. However, positive
examples alone may be insuf cient, as they can overlap across tasks due to factors such as task
relatedness (e.g., activity in non-small-cell lung cancer but across different cell lines) or due to
sampling bias when the set of positives is extremely sparse (e.g., only one positive example shared by
two tasks). To address this, we form the task context using not only positive but also medium and
negative examples, providing a more complete representation of the task concepts.

With these task contexts, we propasamastration-conditionediff usion models (DemoDiff) and
pretrain a 0.7B model with a Graph DiT as the backbone, using over 140 H100 GPU days. To support
ef cient pretraining, we introduce a molecular tokenizer trained with Node Pair Encoding (NPE)
for motif-level representation. On average, it reduces the number of nhodes>bhgdipared to
atom-level representations (Figufés 9 and 10). The tokenizer iteratively merges neighboring nodes and
selects frequent motifs to construct vocabularies. Motifs are connected by directed edges that preserve
bond types and attachment rules, ensuring lossless reconstruction. Graph DiTs naturally use this
motif-level representation and attend to motif semantics for denoising. For pretraining, we construct a
dataset of over 1.6 million tasks from 155K unique properties and one million molecules. It combines
ChEMBL for drugs (Zdrazil et al., 2024) and multiple polymer data sources for materials (Otsuka
etal., 2011; Thornton et al., 2012; Kuenneth et al., 2021). For ICL, we propose a consistency score
as a con dence measure of whether a generation aligns more closely with higher-scoring molecules
in demonstrations, effectively Itering out false positives in generation (Section 4.3).

We evaluate DemoDiff on 33 design tasks across six categories. With 0.7B parameters, it matches or
surpasses LLMs 100-1000arger in generating diverse, high-scoring molecules. Compared to 19
baseline models (average ranks 6.56—17.95), DemoDiff ranks 4.10, demonstrating its strength as a
molecular foundation model. The new molecular tokenizer further improves representation ef ciency.

2 PRrRELIMINARIES

2.1 IN-CONTEXT LEARNING WITH DEMONSTRATIONS

In ICL, the context is a set of demonstratios= fe g, , where eacle is an input-label pair.
Following (Xie et al., 2021), we assun@xe ects a latent concept2  from a family of concepts
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. For example, for a paragraph about Albert Einstein, the latent concept may be biography. Given a
queryQ, a foundation model with ICL generates an outuby marginalizing over :
Y4

pPX jCQ)= p(Xj:CQp( jCQ)d: 1)

Here(C, Q) form the prompt. Ifp( jC; Q) concentrates on the prompt concept with more demonstra-
tions, then the model identi es and applies that concept through marginalization. ICL can thus be
implicit Bayesian inference. All context, query, and outcomes are texts in language modeling. In
inverse molecular design, we have molecule-score pairs as demonstrations. They capture the latent
task concept, with semantics like the task descriptions in Figug®i$.the target score, ard is the
molecule to be designed. We focus on a new molecular foundation model for ICL.

2.2 MOLECULAR DESIGN WITH GRAPH DIFFUSION TRANSFORMERS

Molecules are discrete grapis= ( A; B ), whereA denotes the set of atoms aBdthe set of bonds.
These structures are commonly modeled using discrete diffusion processes (Vignac et al., 2022; Liu
et al., 2024c). Graph DiTs concatenate atom and bond featuresrito the input format of standard
Transformers. GivelX , for each atong; 2 A with di neighbors, Graph DiTs de ne a token as

x = faj;fh gjd‘:l g, wherelb; 2 B encodes the bond type (single, double, triple, or none). Each
token is represented by a feature veotd® RF, formed by concatenating the one-hot encoding of

the atom type and the connection types to all other atoms (either a bond type or a null type indicating
no connection). Discrete diffusion has a transition mafrixnitialized based on the frequency of
atoms and bonds in the training set. At stef']; = o(x] j xt Yyfori;j 2 [1F].

The forward diffusion withQ is: g(x' j x! 1) = Cat( x;;p = x' 1Q!), whereCat(x; p) denotes
two separate categorical sampling for atoms and bonds with probabilitiespfr@uartin_g from
the original datax = x°, we haveg(x! j x°) = Cat x';p = x°Q"' , whereQ' = ~, ,Q". The
forward diffusion gradually corrupts data points. When the total timeBtaplarge enoughg(x ")
converges to a stationary distribution. The reverse process sampleg(ftdiand gradually removes
noise. The posterior distributiag(x! * j x!) is calculated ag(x' jx';x%) / x'(Q')> x°Qt 1.
Given multiple propertie$c g, , the denoising model approximates(x' ! j x';x% fcgl,)
under property conditions. This model is trained by minimizing the negative log-likelihoodfor

Lom = Eqxo)Equijxey  logp x%jx‘icsiciiiticn €

In Graph DiTs (Liu et al., 2024c), the constraifitsgl., are numerical or categorical property values.
In this work, we explore them as demonstrations for in-context learning.

3 LEARNING DIFFUSIONMODEL WITH DEMONSTRATIONS

Figure 2 shows the generation process of DemoDiff, combining motif-based representation (Sec-
tion 3.1) with graph diffusion transformers for in-context molecular generation (Section 3.2).

3.1 MOLECULAR GRAPH TOKENIZATION WITH NODE PAIR ENCODING

More demonstrations help capture the latent task concept and are empirically useful (Bertsch et al.,
2024). However, prior work (Liu et al., 2024c) uses atom-level molecular representations, similar to
modeling text at the character level, which fundamentally limits the number of examples in context.
For ef cient representation, we merge frequent sub-molecular pattemstifsm = ( A; B) X,
whereA A andB B de ne a connected substructure. A molecule begomes a collection

of disjoint motifsM = fm;g; suchthat: (1)& \ A; = ; foralli 6 j; (2) inzl A = A.

Then, each edge; 2 E is directed from a source motih; to a target motifm;, with two
associated attributes: (1) bond type, and (2) attachment index, indicating the atommyitindm

which the bond originates. This abstraction induces a tokenizer with two functions. They are
tokenizer:encode :X = (A;B) 7! X = (M;E) that compresses the atom-level graph into

motif-level form andtokenizer. decode :X = (M;E) 7! X = (A;B) for reconstruction. The
tokenizer uses two vocabularigg: for motif types ande for edge types. It starts with the 118 atom
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Figure 2: Demonstration-conditioned diffusion generation. In the reverse process, DemoDiff starts
from random noise and denoises molecules conditioned on molecule—score demonstration pairs. A
tokenizer encodes each molecule into a motif-level representation. Motifs are connected by edges
with two attributes shown in square brackets: (1) bond type and (2) attachment index. The input to
the transformers consists of tokens from the denoised molecules and the context of demo tokens.

types from the periodic table and one “*” for the polymerization point, which form the initial motifs

in M . This guarantees that, in the worst case, a new molecule can still be represented at the atom
level. In each iteration, the tokenizer merges the most frequent neighbors until no further merge is
found inM , then proceeds with the corresponding connections between motifs.

To constructM , existing methods, such as BRICS (Degen et al., 2008) or molecular grammars
(Sun et al., 2025; 2024), rely on domain-speci ¢ heuristics based on chemical reactions or expert
knowledge. The resulting vocabularies are independent of the pretraining data, often missing frequent
motifs. To address this limitation, we proposede Pair EncodindNPE), a frequency-based
algorithm for molecular graphs inspired by BPE, as outlined in Algorithm 1. We initidMizevith
elements from the periodic table and polymerization points “*”. NPE iteratively performs three steps:
(1) Neighborhood merge For each moleculX 2 D in the datased and curreniM , we identify
candidate motifs by merging adjacent substructures that app®atr, {{2) Frequency selection The

most frequent candidate motif is selected and added tq(3) Graph update: EachX 2 D is
updated by replacing instances of merged motif pairs with the new motif.

Constrained NPE The standard NPE may produce multiple directed edges from a moti6
anothem; when decomposing ring structures (e.g., aromatic rings). It leads to ambiguity during
decoding since; does not uniquely determine the attachment index within To address this,

we introduce constraints such as rings into NPE at two stages. During initialization, we traverse
each molecule to identify its set of maximal connected rings, deri®tesbmpute their frequencies,

and include the top ing most frequent rings in the initial vocabulaky . During motif merging,

anym 2 M is merged witharing 2 RnM as a complete unit, rather than merging individual
atoms withinr. This strategy integrates frequent rings into the vocabulary while preserving atom-
level representations for rare rings, avoiding reconstruction ambiguity. We compare NPE with
ngerprints (Rogers & Hahn, 2010) and virtual nodes (Hwang et al., 2022) in appendix A.

Using NPE, a molecule is representecha®kensf x; giL,; , wherex; = fm;;fe; gjdi:1 g, with m;
denoting a motif ane; the associated edges. We set the motif vocabulary sike to 3000

(K+ing = 300), with details and analysis provided in appendix C.2. As shown in Figure 2, an example
input with 38 atoms can be compactly expressed using four motifs. An empirical comparison of atom-
and motif-level representations over 1 million pretraining molecules is given in Figure 3b, with an
average compression ratio®#46 2:569 reducing the median count from 30 atoms to 5 motifs.

3.2 IN-CONTEXT LEARNING WITH GRAPH DIFFUSION TRANSFORMERS

We construct the datasBt = f(G;Qj; Xi)giN " for pretraining, where each task consists of a

context of molecule—score paits, a query scor€);, and a target molecub¢;. To pretrain DemoDiff
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for in-context inverse molecular design, we replace the property conditions in Eq. (2 atdQ:
Lpretrain= Eqx0)Eqxtjxoy  logp x%jx%CQ ©))
With large and diverse pretraining data and scalable Transformers (Peebles & Xie, 2023), DemoDiff

learns to infer the latent task concept to generate the target molecule and can serve as a foundation
model for ICL. In a task, it performs implicit Bayesian inference over diffusion trajectories.

ICL with Context Consistency (appendix B.4): Given a queryY, demonstration§; are divided

into positive, medium, and negative groups. For a generated mol¥gue compare its ngerprint-

based similarity with these groups to assess whether it follows the refad®n med > neg This

yields a consistency score that measures how well the generated molecule aligns with the relative
relations in the context. In experiments (Section 4.1), we use this score to select high consistent
generations before conducting the nal evaluation with Oracles.

3.3 MODEL DESIGN AND PRETRAINING

(a) Property rank vs. frequency . (b) Node countsr(  50; full in Figure 9).

Figure 3: Pretraining data statistics for property rank-frequency and node count density.

Model Designs: Figure 2 illustrates the model architecture. For ittih task in the pretraining

set(G; Xi;Y;) 2 D, the property scord; is scaled within[0; 1], providing positional signals

for both demonstration molecules and the target. These scalar values are encoded using Rotary
Position Embedding (RoPE) (Su et al., 2024). DemoDiff uses a tokenizer to process the atom-level
representation and de nes a maximum context length for the number of motif tokens. The context
includes the target along with as many demonstration tokens as t within the target length. Since
molecules in the context are structurally disjoint, edge connectivity implicitly delineates context
boundaries, removing the need for explicit delimiter tokens. Details are in appendix B.

Pretraining: To construct the pretraining dataset as illustrated in Section 3.2, we use the ChEMBL
database (Zdrazil et al., 2024), the largest collection of biological assays, containing over 2.5 million
molecules and 1.7 million assay records. To increase chemical diversity for materials discovery, we
augment ChEMBL with polymer datasets from multiple sources (Liu et al., 2024b; Kuenneth et al.,
2021), including properties such as thermal conductivity, free volume fraction, and glass transition
temperature. For biological assays, we generate tasks by selecting a molecule-activity pair as the
target and treating other molecule-activity pairs as context. The target is assigned a score of 1,
and context scores are computed by normalizing differenceSIEMBL values (negative log of
bioactivity measures such as IC50 and potency) to the intf@yva). We restrict targets to bioactive
molecules witpChEMBL > 6. For polymers, we apply the same strategy: each polymer is used as
atarget, and its property value is normalized against those of other polymers to form context-target
pairs. We partition context examples into three groups by normalized scores: p{sithe],
medium([0:5; 0:75), and negativ§0; 0:5), with up to 15 demonstrations from each. The nal dataset
comprises around 1 million molecules with 155K unique assays or properties, yielding 1.6 million
tasks. As shown in Figure 3a, the frequency distribution of assays and properties follows Zipf's law,
P(Yank ) / rank 13, consistent with patterns in language corpora. These 1 million molecules
are used to initialize the motif vocabulary via NPE, which provides a more compact representation
by reducing node counts (Figure 3b). We further extract edge connections to construct an edge
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Table 1: We compute the oracle and diversity scores from the Top-10 generations and report the
harmonic mean of these two values. We group 33 tasks into six categories and report thesttean
within each category. The best results in each colummalded. Task-speci c results and additional
metrics are provided in appendix D.2.

Task Drug Drug Structure Drug Target Material Avg  Total
Rediscovery MPO Constrained Design Based Design Rank  Sum
# Tasks 7 7 5 4 5 5 33 33
Molecular Optimization Methods with 100 Oracle Calls
GraphGA 0.36+0.07 0.52+0.19 0.43+0.21 0.41+0.32 0.76+0.04 0.58+0.11 6.56 16.65
REINVENT 0.37£0.08 0.52+0.17 0.43+0.21 0.42+0.32 0.76x0.03 0.00+£0.00 8.44 13.84
GPBO 0.37£0.07 0.51+0.18 0.42+0.22 0.39+0.33 0.76+0.03 0.60+0.21 6.89 16.65
STONED 0.36+0.07 0.52+0.19 0.39+0.24 0.37+0.36 0.76+0.@d4psmiLes 8.18 13.42
Genetic GFN 0.36+0.10 0.51+0.22 0.38+0.29  0.33+0.37 0.76x0.@3psmiLEs 9.28 13.04
GenMol 0.42+0.08 0.51+0.17 0.42+0.25 0.55+0.21 0.69+0.03 0.62+0.08 7.98 17.36
Molecular Optimization Methods with 20000 Predictor Calls
GraphGA 0.37£0.09 0.50+0.18 0.45+0.29 0.49+0.26 0.64+0.06 0.55+0.14 9.30 16.30
REINVENT 0.30£0.13 0.23+0.23 0.25+0.24 0.38+0.26 0.17+0.13 0.51+0.16 13.60 9.82
GPBO 0.33+0.10 0.45+0.22 0.43+0.29 0.49+0.15 0.74+0.03 0.42+0.24 9.87 15.35
STONED 0.33+0.10  0.40+0.20 0.50+0.28 0.27+0.10 0.20+0.dpsmiLes 12.01 9.66
Genetic GFN 0.14+0.08 0.08+0.16 0.08+0.11 0.12+0.11 0.15+0Ad&HpsmiLEs 17.95 3.14
GenMol 0.34+0.07 0.28+0.23 0.21+0.29 0.39+0.19 0.52+0.05 0.21+0.23 12.63 10.37
Conditional Generation Models
LST™M 0.39+0.25 0.16+0.07 0.55+0.32 0.33+0.35 0.72+0.04 0.16+0.11 11.77 12.30
Graph-DiT 0.43+0.21  0.50+0.18 0.58+0.34 0.48+0.37 0.71+0.04 0.55+0.17 8.53 17.64
Learning from In-Context Demonstrations
DeepSeek-V3 0.45+0.18 0.51+0.20 0.49+0.24 0.65+0.18 0.64+0.06 0.39+0.24 8.08 16.90
GPT-40 0.47+0.21 0.53+0.20 0.52+0.30 0.48+0.40 0.73+0.05 0.43+0.16 7.89 17.25
Qwen-Max 0.15+0.21 0.17+£0.15 0.32+0.32 0.29+0.29 0.19+0.26 0.10+0.18 15.39 6.46

Llama3.1-8B-FT  0.21+0.13  0.24+0.23  0.24+0.34 0.31+0.31 0.02+0.05 0.29+0.40 1491 6.04
Qwen3-8B-FT 0.37+0.19 0.27+0.16 0.26+x0.34 0.46+0.22 0.67+0.07 0.44+0.39 10.96 12.23
DemoDiff (Ours)  0.44+0.21 0.54+0.23 0.56+0.33 0.79+0.11 0.78+0.05 0.67+0.11 4.10 20.10

vocabulary capturing motif-to-motif connectivity. Finally, we pretrain a DemoDiff model with 0.7B
parameter on Eqg. (3), using 146 H100 GPU days. Details are provided in appendix C.

4 EXPERIMENT

Setups: We curate 33 downstream tasks (see Table 1 and appendix D.1) across six categories to
evaluate DemoDiff against 19 baselines. These tasks are primarily curated by domain experts and
are distinct from pretraining. We include eight molecular optimization methods and two conditional
generation models (LSTMs and Graph DiT (Liu et al., 2024c)), and LLMs (DeepSeek-V3, GPT-
40, and Qwen-Max). We select the top four molecular optimization algorithms from the PMO
benchmark (Gao et al., 2022) (out of 25 evaluated methods) and two recent methods, Genetic
GFN (Kim et al., 2024) and GenMol (Lee et al., 2025), under two settings: 100 oracle calls and
10,000 predictor calls. For evaluation, we generate 10 valid, unique, and novel molecules per task
and score them with Oracles. We report the harmonic mean over two dimensions: (a) averaged oracle
scores and (b) the diversity score Eq. (8). Each task has up to 450 molecule—score pairs, evenly
divided into positivg0:75; 1], medium[0:5; 0:75), and negativg0; 0:5) groups. Each task has an
Oracle for evaluation. We use all molecules to train the task-speci ¢ predictor for predictor calls or to
train conditional generation models directly. For LLMs with ICL, we include three closed-sourced
models. We netune Llama3.1-8B-FT and Qwen3-8B-FT on the DemoDiff pretraining set. Their
demonstrations are randomly sampled with a similar budget for context. For the baselines, we follow
their standard and original implementations to process the molecules.

4,1 PERFORMANCE ONDIVERSE MOLECULAR DESIGNSTASKS



Published as a conference paper at ICLR 2026

ICL achieves competitive performance with minimal supervision.Table 1 compares the harmonic
mean of the top-10 generated molecules based on both task scores and structural diversity, while
Table 5 (appendix) reports the top-1 scoring molecule per task. Under limited data and Oracle
budgets, ICL methods perform comparably to, or better than, fully trained conditional generators and
molecular optimization baselines. Among ICL-based methods, DeepSeek-V3, GPT-40, and DemoDiff
consistently attain top-tier average ranks. These ICL methods rely on tens of demonstrations per task,
signi cantly fewer than the training data or Oracle calls required by other models or algorithms.

DemoDiff designs molecules with accurate scores and high diversiticross six task categories, it
performs best on property-driven tasks, including drug design with bioactivity targets, protein binding
af nity, and material design for polymer gas separation. DemoDiff achieves the lowest average rank
of 4.10, outperforming the best baseline, GraphGA (rank 6.56). ICL methods with LLMs produce
high-scoring top designs (Table 5) but often generate structurally similar molecules. These do not
necessarily align better with the target score while reducing diversity. In contrast, DemoDiff designs
molecules with scores closer to the query and better structural diversity.

DemoDiff performs better on property-driven tasks than on structure-constrained ones.It

scores 0.67-0.79 on drug and material design, but around 0.44—0.56 for rediscovery and structure-
constrained tasks, where Oracle scoring is tied to the presence of speci ¢ structures. While DemoDiff
still ranks highly in structure-constrained tasks, its stronger results on property-driven tasks highlight
its advantage in exploring chemical spaces with broader solution ranges.

4.2 ABLATION STUDIES AND PERFORMANCEANALYSIS

Table 2: Performance across model sizes using harmonic mean scores from Top-10 generations

DemoDiff Drug Drug Structure Drug Target Material
Rediscovery MPO Constrained  Design Based Design

78M 0.39+0.17 046+0.24 047+0.27 057+0.31 0.73+0.03 0.62+0.13

311M 0.40+0.17 0.46+0.23 0.50+0.28 0.53+0.27 0.75+0.04 0.62+0.14

739M 0.44+0.21 054+023 056+0.33 0.79+0.11 0.78+0.05 0.67+0.11

Model Parameters: We pretrain DemoDiff with varying sizes: small (78.7M), medium (311M),

and large (739M) parameters. Table 2 reports performance using the top-10 harmonic means of task
score and diversity. We present averages with deviations across six categories. DemoDiff achieves
reasonable scores even at small scale. At the medium scale, performance improves in most tasks
except drug design, while the bene ts of parameter scaling become more evident (in ve out of six
task categories) at larger scales

ICL with Demonstrations: Figure 4 studies two factors in demonstrations: (1) context length and
(2) ratio of positive examples. In Figure 4a, longer context includes more molecular examples and
supports better ICL performance. This aligns with the rationale of motif-level tokenization, which
captures more examples within a xed context. Figure 4b shows that diverse demonstrations are
important for ICL to represent the task accurately, while only positive examples are insuf cient.
This is because positive, medium, and negative examples together provide a holistic view of the task
context, and DemoDiff pretrained on such contexts is better able to infer latent concepts from diverse
examples. In Figure 4b, we also observe that fewer positive examples may still yield reasonable
results. We investigate this further in Section 4.3 to assess whether DemoDiff can infer positive
examples (score > 0.5) using only negative examples with scores below 0.5.

ICL with Consistency Scores: We ablate consistency scores and analyze their correlation with
target scores in Figure 5. Using the consistency score as a con dence lIter improves performance
across task categories, with gains from 0.8% to 27.5%. The second gure shows the correlation
between the consistency and target scores. Moderate correlation appears in tasks with explicit
structural constraints, such as drug rediscovery and structure-constrained design. For property-driven
tasks (drug MPO and materials design), high ngerprint-based consistency with positive examples
does not always correlate with high target scores. In these cases, latent concepts may rely on
subtle substructures (e.g., methyl groups (Liu et al., 2022)) that standard ngerprints fail to capture.
Interestingly, context consistency still improves performance in these tasks. A possible reason is that
the score helps lter out false positive generations.
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(a) Harmonic score vs. context length  (b) Harmonic score vs. positive samples

Figure 4: Ablation studies on Albuterol drug rediscovery.

Figure 5: Ablation studies on context consistency scores: (1) left shows improvements; (2) right
shows the relationship between consistency score and oracle scores.

4.3 CASE STUDIES

Figures 6 and 7 present two studies for DemoDiff. In extreme cases of inverse molecular design,
demonstration sets may contain only negative examples, i.e., all sco€&s In Figure 6, we

study whether DemoDiff can still generate positive candidates when prompted solely with negative
examples. Figure 6 presents the results for (a) structure-constrained design, (b) drug multi-objective
optimization (MPO), and (c) target-based design. These ndings suggest two insights: (1) negative
demonstrations convey informative signals about the task concept, and (2) after pretraining, the
posterior over the concept-to-structure mapping allows DemoDiff to generate desirable candidates
that are aligned with the concept yet structurally distinct from the negative examples. Figure 7 is
the generation trajectory from diffusion models. The task score, measured as structural similarity to
Albuterol, rises from 0.22 at initial sampling to 0.74. This shows that the diffusion model re nes the
molecule toward the desired structure step by step with demonstrations.

5 RELATED WORK

Inverse Molecular Design: Molecular optimization uses diverse approaches, including genetic
algorithms, Monte Carlo Tree Search (Jensen, 2019), and Bayesian optimization (Shahriari et al.,
2015), applied to representations such as ngerprints, SMILES, graphs, and synthetic pathways (Gao
etal., 2021). Gao et al. (2022) benchmarked 25 optimization methods and found that older models,
such as genetic algorithms, remain competitive. However, existing benchmarks require on the order
of 10,000 oracle calls, which is costly and limits applicability when single calls are expensive.
Deep learning models offer an alternative by modeling the joint distribution of atoms and bonds
without Oracle calls. GDSS applies noise and denoising in continuous space for graphs (Jo et al.,
2022). DiGress (Vignac et al., 2022) introduces discrete noise through transition matrices based
on marginal atom and bond distributions. Graph DiTs (Liu et al., 2024c) extend scalable diffusion
transformers (Peebles & Xie, 2023) to discrete graphs. Yet, training diffusion models still requires
hundreds of labeled molecules and is limited to speci c tasks. Recent efforts explore chemical
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Figure 6: Learning from negative demonstrations (seoi@&5) to infer a target with score 1. All
demonstrations are shown in Figures 14 to 16, with only three displayed here.

Figure 7: Diffusion trajectory for Albuterol drug rediscovery: we sample ve intermediate diffusion
steps and score them with the Albuterol Oracle, which computes similarity to the ground truth.

foundation models based on LLMs (Yu et al., 2024; Liu et al., 2024b), but their applications are
either diverted to other molecular tasks, such as property prediction, or rely on ne-tuning within a
restricted scope of design tasks.

In-Context Learning: ICL is an emergent ability observed in LLMs (Brown et al., 2020; Chan et al.,
2022). Empirical and theoretical studies investigate this phenomenon from three perspectives: models,
data, and learning mechanisms (Xie et al., 2021; Min et al., 2022). For the learning mechanism,
ICL can be interpreted as implicit Bayesian inference (Xie et al., 2021), where pretraining data are
generated from latent concepts and the posterior distribution marginalizes over them for inference. On
the model side, Garg et al. (2022) trained Transformers from scratch on prompt-style input—label pairs
of simple functions and found performance comparable to task-speci ¢ algorithms. Bhattamishra
et al. (2023) compared Transformers with attention-free models and showed they do not match
Transformer performance across tasks. On the data side, Chan et al. (2022) found that Transformers
outperform recurrent models (e.g., LSTMs) on data with distributional properties resembling natural
language, such as burstiness (words appearing in clusters) and query tasks with many rare classes.
Singh et al. (2025) analyzed the strategy competition between ICL and in-weight learning, showing
that the asymptotic strategy depends on in-weight information but is also context-constrained. This
aligns with (Chan et al., 2022), suggesting that a foundation model should support both capacities. A
skewed Zip an distribution over tasks (e.g., Figure 3a) balances learning by storing common task
information in weights while developing ICL ability from the long tail of rare tasks. Besides LLMs,

ICL is also studied on graphs (Huang et al., 2023), but mainly for node and edge classi cation tasks.
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6 CONCLUSION

We presented DemoDiff, a demonstration-conditioned diffusion Transformer model for in-context
molecular design. We constructed a large-scale pretraining dataset with over one million molecules
and 155K unique biological assays and material properties, yielding millions of demonstration—target
pairs. Using this dataset, we pretrained a 0.7B-parameter model and showed that it matches or
outperforms much larger LLMs and ranks higher than domain- and task-speci ¢ methods. To support
scalable pretraining, we introduce Node Pair Encoding, a motif-level graph tokenizer that ef ciently
represents molecules with fewer nodes while preserving reconstruction. Experiments demonstrate
that DemoDiff is a promising molecular foundation model, highlighting its potential to scale further
with larger models, broader datasets, and greater compute.
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A DiscussioN ONNODE PAIR ENCODINGS AND RELATED WORK ON
FINGERPRINTS ANDVIRTUAL NODES

The node pair encodings (NPE) differ from ngerprints (Rogers & Hahn, 2010) and virtual
nodes (Hwang et al., 2022) in three aspects: (1) representation and invertibility, (2) computation
process, and (3) use cases. Speci cally: (1) NPE builds a motif vocabulary from data and encodes
a molecule as a graph of motifs with typed edges and attachment rules, allowing the atom-level
structure to be reconstructed. In contrast, Morgan ngerprints hash local atom neighborhoods into a
xed-length bit vector, which is lossy and not invertible. Virtual nodes are additional nodes inserted
into graphs to provide shortcuts for information exchange between nodes rather than forming a new
molecular representation. If we use only virtual nodes to re-represent the molecule, the structure
is not invertible. (2) NPE identi es frequent substructures from a dataset to build a discrete motif
vocabulary. In contrast, Morgan ngerprints are computed directly from atom invariants with a
chosen radius and bit size. Virtual nodes can be added randomly or through generic graph partitioning
algorithms, which do not re ect how frequently a partition or cluster appears across the molecular
dataset. (3) NPE produces a compact motif-level graph suited for generative tasks. In contrast,
Morgan ngerprints produce a vector suited for predictive tasks. Virtual nodes are used to create
shortcuts for sharing information between graph nodes.

B DETAILS ON DEMODIFF

B.1 ICL wiTH DEMODIFF

We construct the pretraining datasetas f(G;Qj; Xi)giN:”l'e“a‘“. Each task contains a context of

molecule—score paif§, a query scor€);, and a target molecul€;. For each task, we rst sample

a latent concept (e.g., the thermal conductivity of polymeric materials from Figure 1) from a prior
p( ), followed by a set of molecule—property pairs associated with that concept. This induces

the pretraining distribution:

z 'z v #
PCQX)=  POIPCIIPQIC )  pxT)  p x' 1jx5Q;C ox™T d; (4)

x L t=1

wherex? represents the feature of the target token. With suf ciently large and diverse pretraining
data and scalable diffusion transformers (Peebles & Xie, 2023), DemoDiff can a foundation model for
ICL. For a downstream task, we ugg Q) as the prompt, ang( j C; Q) form the prompt concept.
Then DemoDiff marginalizes the concept over the diffusion trajectories:

z z v #
pX jC;Q) = . ] px")  p x' 'ixhCQ p( jCQ)dx Td: (5)

x L t=1

B.2 GRAPH-LEVEL TOKENS AND PRETRAINING LOSS

Graph DiTs de ne a graph-level token that concatenates the node feature with all related edge
features. In molecular generation, we use a special type of edge, the null edge, to represent that
there is no edge between two nodes. Thus, The feature vedtmrx®) of a graph-level token
x=1fM;fg gjd:1 g consists of three componentS;,qir Motif types,Fyong bond types, and ;iiach
attachment speci cations. HerEnqi¢ is the size of the motif vocabulai , Fpong = 4 represents

null, single, double, and triple bonds, aRgischn = argmaxy om jM j is the maximum number of
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atoms inM . Eq. (3) can be decomposed|a$etrain = Lmotit + Lbond + Lanach - Speci cally,

Lpretrain= Eq(x) Eq(xtjx)

|Og pmotif {m ] Xt; C;Y
z

I }

L motif

Iogpbond b] th,C;Y
j=1

| {z }
Lbond #
logp®™@h a jx,;CY (6)
|2 {z }

L attach

To align feature dimensions across tokens, we use the dense edge representation by treating all non-
connections as null bonds. The resulting feature dimensiBrasFmoir + N Foond + N Fattach ;

wheren is the maximum number of nodes in the motif-represented dataset. For optimization
with Eq. (6), we include the null bond type inong but exclude attachment speci cations of null

edges in. attach -

B.3 TRANSITION MATRICES IN DIFFUSION MODELS

We de ne the transition matriQ that perturbs molecules at the matif level to pretrain DemoDiff. We
model the joint distribution of nodes and edges with the transition matrix. It is constructed from four
submatrice®)v ; Qev ; Qe ; QvEe, denoting transitioneode! node edge! node edge! edge

and node edge, respectively:

_ Qv 1% Qve .
Qe = 1, Qev lr:\‘n Qe )

where denotes the Kronecker product, ahg, 1%, and1, , are the column vector, row vector,

and all-ones matrix, respectively. Hares the number of nodes. For edges, diffusion is applied to
bond types only, while attachment attributes are optimized and predicted directly by the denoising
model as in Eq. (6). For categorical sampling, we separate the unnormalized logits of node and edge
from the model outputs, compute probabilities for each motif and bond individually before sampling.

To obtain the transition matrices, we use the prior from the pretraining data. The noisy distribution is
de ned as the marginal distributions of motif types, and bond typese . The transition matrices
aredeneda®)y = 1+  HImd andQe = U+  YHIm, wherem®denotes the
transpose andis the identity matrix. We compute co-occurrence frequencies of motif and bond
types in training graphs to obtain the marginal distributions, andmy g. Each row inmgy

gives the probability of co-occurring motifs for a bond type, amglg is its transpose. The transition
matrices are then de ned @3ey = ‘I +(1 H1m2, andQue = ‘I +(1 HimYe,
where ! is cumulative noise coef cient in diffusion. The cosine schedule is chosert as
cos(Q5 (t=T + s)=(1 + s))?.

B.4 DETAILS ON CONSISTENCY SCORE

Given a queryY, demonstration§ = f(Xj ;Yj; )g}-:1 are divided into positivel®°s, medium
Cc™ed and negativ€™9 examples to guide ICL. For a generated molectlave use the Tanimoto
similarity of ngerprints as the similarity measure. We compute the similarity betvieeamd all
molecules in each group and average them to obtain group-wise similarity scores

simP°S; sim™ed: sim®9 2 [0; 1]:
Difference-based scoreWe compute margin differences between groups:
dpos:med = Max(simP®  sim™9;0);  dmed:neg = Max(sim™4  sim®; 0);

dpos:neg = Max(simP®  sim"; 0):
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The normalized difference-based score is

dpos;med + dmed;neg + dpos;neg_ 1

Sdi = min 3

In experiments, the consistency score can be computed ef ciently before applying Oracle functions.
For example, we generate 1000 molecules and select the top 100 with the highest consistency
scores. These molecules better follow the order of structural similarity across positive, medium, and
negative examples. This removes poor generations that con ict with the demonstration semantics and
increases con dence that selected molecules align with the query scores. Table 3 reports empirical
improvements across task categories, each containing 4—7 tasks (appendix D.1).

Table 3: Improvement with the consistency score (average Top-10 harmonic scores).

Category Without ~ With  Improvement
Drug Design 0.6230 0.7943 +27:5%
Drug MPO 0.4592 0.5400 +17:6%
Drug Rediscovery 0.4110 0.4407 +7:2%
Structure Constrained 0.5258 0.5598 +6:5%
Materials Design 0.6407 0.6724 +4:9%
Target-Based 0.7745 0.7803 +0:8%

C DETAILS ON PRETRAINING

The nal pretraining dataset contains 1,084,566 molecules (polymers) and 155,150 unique assays
or properties, yielding 1,639,515 tasks. These are constructed from ChEMBL (Zdrazil et al., 2024)
and multiple polymer data sources (Otsuka et al., 2011; Thornton et al., 2012; Kuenneth et al., 2021).
Each task has a query molecule—score pair with the query score xed at 1. Up to 45 molecules
are grouped into positive, medium, and negative demonstrations based on their scores. The query
molecule is the target, while the query score and demonstrations serve as inputs to DemoDiff during
pretraining on Eq. (3). For pretraining with a xed maximum context window, we allocate half the
window to positive demonstrations and one quarter each to medium and negative demonstrations,
after excluding the target molecule.

C.1 PRETRAINING DATASET

ChEMBL dataset We constructed molecular activity contexts from the ChEMBL database
(version 35), which provides a large collection of bioactivity measurements across diverse as-
says. ChEMBL standardizes published activity types, values, and units into a uni ed variable,
pChEMBL = log(molar IC50; XC50; EC50; AC50; K i ; K 4; or Potency. This value places dif-
ferent measures of half-maximal response, potency, or af nity on a comparable negative logarithmic
scale. For example, an BDof 1 nanomolar] 10 ° M) corresponds to pgChEMBL value of 9. We
extracted assay-level activity valuggdhEMBL ). For each assay, molecules were grouped according

to their recorded activities. Within each group, we selected anchor molecules with strong activity
(h)ChEMBL > 6) as targets for building demonstrations. Each anchor was compared against all
other molecules in the same assay to compute normalized distances, de ned as the relative difference
between the anchorfgChEMBL value and that of the candidate molecule, converted to the range
[0; 1]. Speci cally, for an anchor with value, and a candidate with valug, the normalized distance

was given byd = (v v¢)=10: Based on this distance, we partitioned candidate molecules into three
categories relative to the anchor. Molecules with distanc§® ;25) correspond to candidates with
activity betweerv5%and100%of the anchor and were assigned to the positive context. Molecules
with distances irf0:25; 0:5) correspond to candidates with activity betwé®36 and 75% of the

anchor and were assigned to the medium context. Molecules with dist@ig;els0] correspond to
candidates with activity belo®0% of the anchor and were assigned to the negative context. From
each category, we sampled upltomolecules to balance neighborhood size. Thus, there are up to
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45 demonstration molecules for each task. Not all of them are used during pretraining due to the
constraint of maximum context length. This procedure produced triplets of anchor molecules and
their associated positive, medium, and negative contexts.

Polymeric materials We have polymeric material datasets from different sources, including Poly-
Info (Otsuka et al., 2011), MSA (Thornton et al., 2012), and from (Kuenneth et al., 2021). We
considered a wide range of polymer properties spanning several categories, including thermal proper-
ties (e.g., heat capacity, glass transition temperature, melting temperature, and thermal conductivity),
electronic properties (e.g., ionization energy, electron af nity, and band gap), structural properties
(e.g., density, crystallinity, and radius of gyration), and transport properties (e.g., gas diffusion,
solubility, and permeability coef cients). For each property, raw values were normalized to the
unit interval using min—max scaling, with logarithmic transformation applied when dynamic ranges
exceeded 000and non-negative shifts applied when necessary. Each polymer with valid property
values was treated as an anchor, and pairwise distances in normalized property space were computed
against all other polymers. Candidate molecules were partitioned into pd6itd85), medium

[0:25; 0:5), and negativg0:5; 1] contexts, with up td.5 examples sampled per category based on
smallest distances.

C.2 TOKENIZER PREPARATION

Algorithm 1 Node Pair Encoding (NPE) with Constraints

Require: molecule listD, motif vocabularyM = ;, max sizeK , ring count thresholdl ing
Ensure: motif vocabularym
1: Initialize each moleculX 2 D with atom-level and ring-based motifs
2: Count frequencies of ring-based motifs acrbss
3: Add all periodic-table elements, polymerization “*”, and tbigng frequent rings tiv
4: while jMj <K do

5: (1) Merge Neighbor: Initialize empty multise ;

6: for each moleculX 2 D do

7: for each motifm from X do

8: for each adjacent motih®in X such thatm andm® are mergeable under structural

constraints (e.g., rings treated as unis)

9 form new motifm  m[ m°
10: addm to multisetS with frequency count
11: end for
12: end for
13:  end for

14:  (2) Frequency SelectionFind most frequent motiin 2 S
15:  (3) Update Graph:
16: for each moleculX 2 D do

17: for each pair of adjacent motifsn; m% in X do
18: if their merged form equals then

19: replacem andm®with m in X

20: end if

21 end for

22:  end for

23: Addm toM if notalready init

24: end while

25: return M

We present NPE in Algorithm 1, inspired by both the classic BPE and (Kong et al., 2022). We build
the tokenizer with NPE on the pretraining data. To choose the motif vocabulary size, we analyze
the number of nodes in motif-represented molecular graphs as the vocabulary size varies (Figure 8).
We report mean, max, and median counts. Weksgt = K=10, except forK = 6000, where

King = 300. WhenK  300Q the mean and max node counts no longer signi cantly decrease, and
the median remains unchanged. Therefore, we sKleet3000 with K ing = 300 for pretraining.
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Figure 8: Change in node count with varying motif vocabulary size.

Figure 9: Comparison of the number of nodes in atom- and motif-based representations for 1 million
molecules from the pretraining set.

Next, Figure 9 presents the tokenization results on the pretraining dataset. log-scale distributions of
motif- and atom-level node counts. Both representations exhibit heavy-tailed behavior, as shown by
the rank-frequency plots and complementary cumulative distribution functions (CCDFs).

Figure 10 shows the distribution of compression ratios, de ne%é%%mé?n both linear
and logarithmic scale. The ratio ranges from 1 to 40, with a median and mean around 5.5, indicating
a consistent reduction in graph size by approximately a factor of ve.

Figure 11 provides a detailed analysis of the relationship between atom-level and motif-level repre-
sentations. We observe a mild positive correlation: larger molecules tend to yield higher compression
ratios. Notably, molecules with 150 to 200 atoms are reduced by up to a factor of 15, demonstrating
ef cient compression at larger scales.

Whether NPE captures popular functional groups and reaction fragments: We evaluate the
chemical validity of the motif vocabulary from the pretraining set. First, all motifs are chemically
valid. Second, we compare the moatifs in the vocabulary with 48 common functional groups. Forty-
seven of them are present and one is missing. The groups are:
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