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Abstract Molecular relationship learning (MRL) aims to understand interactions between molecular pairs, driving advancements in

biochemical research. In recent years, large language models (LLMs), with their vast knowledge base and reasoning capabilities, have

become important tools for MRL. However, existing LLMs primarily rely on SMILES strings and molecular graph representations, facing

three major challenges: a lack of relational awareness, making it difficult to associate molecules with similar structures; overlooking the

structural diversity of molecules, preventing the capture of key conformers in real-world reactions and the lack of a systematic evaluation

of different LLM backbone models. To address these challenges, we propose Gelm (graph-based Tanimoto similarity grouping pretraining

and entropy-guided conformer selection finetuning for large language models), a novel framework that enhances relationship learning

through structure similarity-based pretraining and entropy-guided conformer selection. Additionally, we conduct extensive performance

evaluations on various backbone models to provide scientific guidance on backbone selection. Our results demonstrate that Gelm, with

DeepSeek as the backbone, achieves outstanding performance across 12 cross-domain datasets.
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1 Introduction

Molecular relationship learning (MRL) [1] aims to understand interactions between molecular pairs, which is crucial
for drug discovery and materials science [2]. For instance, drug-drug interactions (DDIs) are essential in pharma-
cology and drug development, while solute-solvent interactions (SSIs) are fundamental in solution chemistry and
chemical process design [3]. However, experimentally validating these interactions is both time-consuming and ex-
pensive [4]. With the advancement of large language models (LLMs), a promising alternative approach has emerged
for MRL by leveraging the capabilities of LLMs. Models such as ReactionT5 [5] and MolTC [6] have demonstrated
success in this area by integrating molecular graphs and SMILES.

Although these models have great potential, there are still some issues to be resolved. When LLMs are transferred
to MRL tasks, their performance in MRL tasks is often limited if incremental pretraining is not performed, as they
are initially trained on general-purpose corpora. Although ReactionT5 [5] and MolTC [6] have adopted appropriate
incremental pretraining strategies to enhance their performance in MRL tasks, they have not fully considered the
associative learning capabilities of LLMs during pretraining. As shown in Figure 1, when two structurally similar
molecules are input in distant sequences, the LLM may treat them as independent samples and fail to link the
information between these two molecules for joint learning, which is crucial for molecular category learning. In the
text-based task field, similar associative pretraining methods have been proposed, such as in-context pretraining
proposed by Shi et al. [7]. However, in the MRL field, there is still a gap in related research on LLM pretraining
methods.

Moreover, existing LLMs for predicting molecular interactions primarily rely on 1D and 2D representations, such
as SMILES strings and molecular graphs [5, 6]. While these representations can capture certain basic features of
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Figure 1 (Color online) The issues with current LLMs. (a) indicates that chemical LLMs lack associative thinking during pretraining.

The phrase “Sorry, I don’t know.” is not necessarily the actual response of the LLM; in reality, the LLM may provide incorrect knowledge.

(b) indicates that providing too many molecular conformations as input to the LLM can affect its judgment.

molecules, they have significant limitations in reflecting the true structure of molecules [8]. In reality, molecules
have many different 3D conformations, and during actual reactions, it is usually specific 3D conformations that
participate, such as in the binding of small molecules to target proteins [9]. Capturing this information can only be
achieved through the 3D conformation of the molecule. Therefore, it is crucial to provide 3D conformation data to
LLMs. However, current LLMs cannot effectively incorporate all possible 3D conformations into model training. A
molecule can have hundreds or thousands of different 3D conformations, but not all of them contribute significantly
to a reaction. As shown in Figure 1, for LLMs, only a small fraction of the conformations are closely related to
the reaction, while the rest might introduce noise that interferes with the model’s judgment and accuracy. Hence,
effectively identifying and selecting key conformations relevant to the reaction and providing them to LLMs for
better MRL performance is an important challenge.

Considering the above issues, we propose the model framework of graph-based Tanimoto similarity grouping
pretraining and entropy-guided conformer selection finetuning for large language models, termed Gelm. Specifically,
we design the graph-based Tanimoto similarity grouping pretraining strategy (GTSG), which enhances the LLM’s
associative recognition by grouping inputs based on a molecular structure similarity graph. The entropy-guided
conformer selection finetuning (EGCS) method is used to identify the most crucial conformations by utilizing graph-
based information entropy. Additionally, we systematically evaluate the performance differences brought by using
LLMs with different architectures as backbones, providing guidance for selecting the appropriate backbone, thus
addressing the issue of the lack of backbone selection guidance in frameworks like ReactionT5 and MolTC.

The main contributions of this paper could be summarized as follows.

• Considering the lack of associative recognition in existing chemical LLMs, we propose the GTSG pretraining
strategy and introduce a unique prompt to help the LLM develop associative recognition of molecular structures.

• In the downstream task fine-tuning phase, we propose the EGCS method to identify conformations with critical
information for molecular interactions, enabling comprehensive capture of molecular details.

• We conduct systematic testing of different LLMs on MRL and validate DeepSeek’s [10] superiority in the MRL
task. Our results demonstrate that DeepSeek [10] exhibits superiority in both qualitative and quantitative tasks.

• The effectiveness of Gelm is demonstrated through experiments on 12 datasets from diverse domains, including
DDI, compound-solvent interaction (CSI), and SSI tasks, highlighting its superior performance compared to existing
methods.

2 Related work

2.1 LLM pretraining

LLM pretraining is essential as it allows the model to learn general knowledge and language patterns, improving
efficiency and accuracy for specific tasks. However, different data processing methods during pretraining can affect
the performance of LLMs on downstream tasks. Gao et al. [11] trained variants of GPT-2 [12] models from scratch
to compare the “Pile” dataset to CommonCrawl-derived corpora. Hernandez et al. [13] quantified the effect of
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various amounts of artificially created data duplication and provided an analysis on interpreting the changes in
the behavior of the models trained on duplicated data. Xie et al. [14] proposed using importance resampling to
align the distribution of web data to high-quality reference corpora such as Wikipedia. Similarly, Gururangan
et al. [15] explored data selection strategies for adapting LMs to a task-specific corpus. Another line of recent
work explores how data mixture affects pretraining, with Xie et al. [16] demonstrating impressive improvements in
downstream accuracy and perplexity across all datasets for 8B parameter models trained on the Pile. Similarly,
Longpre et al. [17] explored the role of text quality, toxicity, age, and domain distribution of training data on LLM
performance. Outside of data curation, there has been a recent surge of work exploring the impact of repeating
data [18–20], generally concluding that repeating tokens is worse than training on new tokens. To address the
impact of repeated tokens, Shi et al. [7] proposed in-context pretraining, which also enhances the connections
between pretraining texts. However, these methods and data are limited to the text modality, and pretraining
methods for multimodal LLMs still need improvement, which is the issue this paper aims to address.

2.2 LLMs in the molecular domain

To address the challenge of label insufficiency caused by costly laboratory experiments and to better utilize textual
knowledge for molecular tasks, recent studies have introduced multimodal alignment into molecular representation
learning. Existing approaches can be categorized into three types based on molecular modalities: 1D, 2D, and
3D [21,22]. For 1D modalities, such as SMILES or SELFIES, molecules are represented as text strings. For instance,
MolT5 [23] pretrains a model on large-scale unlabeled natural language text and molecular strings using a simple
denoising objective, while KV-PLM [24] employs the byte pair encoding (BPE) algorithm to segment SMILES
representations into frequent substring patterns in a data-driven manner. 2D modalities represent molecules as
graphs, where atoms are nodes and bonds are edges. Notable approaches, such as Text2Mol [25], use cross-modal
contrastive learning, training a molecular graph encoder with GCNs [26] and a text encoder with Sci-BERT [27].
MolCA [8] bridges the representation spaces of graph encoders and language models through a QFormer-based
cross-modal projector, enabling a deeper understanding of both text-based and graph-based molecular content.
DrugChat [28] combines a GNN for encoding molecular graphs, an LLM for text understanding, and an adaptor
to convert graph representations into LLM-compatible inputs. For 3D modalities, MolLM [29] proposes a unified
pretraining framework that incorporates both 2D and 3D structural information through attention mechanisms,
leveraging molecular graphs, edge features, and spatial relationships. Similarly, 3D-MoLM [30] enhances a language
model with a 3D molecular encoder to interpret and analyze 3D molecular structures. Despite these advancements,
these studies primarily focus on individual molecules, and research on LLMs in the context of molecular interactions
remains limited. Our work aims to advance this field by addressing this gap.

2.3 Molecular relationship learning

MRL is an influential research area, especially in DDI prediction, which has a direct impact on both production
and daily life. Due to the time-consuming and expensive nature of experimentally validating molecular interac-
tions [31], machine learning-based methods have emerged as an efficient and effective alternative. Early research
primarily focused on graph neural networks (GNNs) to construct predictive frameworks for molecular relationship
learning [26, 32–34]. For example, Zhong et al. [35] proposed a substructure-substructure interaction framework,
which utilizes graph attention network (GAT) layers for substructure extraction and a co-attention layer to model
interactions between different substructures. To better capture molecular interactions, Lee et al. [31] introduced
the conditional graph information bottleneck (CGIB) model, inspired by information bottleneck theory. This model
aims to identify the core substructures between graph pairs and predict their interaction behaviors. With the rise of
multimodal technologies, some studies [36] have integrated chemical knowledge with natural language information
to improve cross-modal integration in biological tasks, yielding significant results in drug-target interaction pre-
diction. Meanwhile, MolTC [6] proposed a unified framework for molecular relationship learning, boosting model
performance through a four-stage training process combined with chain-of-thought reasoning techniques. However,
none of these approaches have considered the impact of molecular conformation on LLM reasoning.

3 Methodology

In this section, we will discuss the design of Gelm in detail. Gelm consists of two main stages. The first stage is
pretraining, where we introduce GTSG. This approach groups similar molecules as input, enabling the LLM to learn
categorical information more effectively. The second stage is fine-tuning, where we propose an innovative method
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Figure 2 (Color online) (a) The prompt settings during pretraining, where the ten lowest-energy conformations are selected as inputs for

multimodal learning; (b) how to construct pretraining inputs based on structural similarity, where the order of the groups can be shuffled, but

the input order within each group is kept consistent to enhance the associative learning ability.

called EGCS. EGCS maximizes the mutual information between conformers and targets while simultaneously op-
timizing structural entropy and information entropy between selected conformers and the full conformer set. This
helps identify the most critical conformers, allowing the LLM to make more accurate judgments.

3.1 Graph-based Tanimoto similarity grouping pretraining

The standard pretraining method for general chemical LLM is to randomly input molecular description texts into the
model, allowing the LLM to perform understanding and generation. However, random input does not enhance the
LLM’s recognition of category knowledge. To address this, we conduct a survey of various authoritative biochemical
databases such as PubChem1) and Drugbank [37], collecting a large amount of molecular property description texts
based on molecular structure. Figure 2(a) is an example. We then design a pretraining method called graph-based
Tanimoto similarity grouping pretraining, as shown in Figure 2(b), which inputs structurally similar molecules in
groups to enhance the LLM’s recognition of category knowledge and strengthen the LLM’s understanding of the
impact of molecular structure on molecular properties.

3.1.1 Finding related molecules at scale: retrieving similar structures

To identify structurally similar molecules within a large molecular corpus M, we first use molecular fingerprints
to encode the structure of each molecule. Then, we use approximate nearest neighbors search for efficient pairwise
similarity comparison between any two molecules. Specifically, for each molecule mi ∈ M, our goal is to retrieve
the top-k most similar molecules, represented as N(mi).

Retrieval. Our retrieval process uses Morgan fingerprints [38]. This fingerprint encodes each molecule mi ∈ M
by considering the substructures of each molecule through the calculation of the surrounding environment of different
atoms within the molecule, and we denote the molecular representation obtained from the Morgan fingerprint as
E(mi). The Tanimoto similarity [39] is then used to determine the similarity between any two molecules

s(ni, nj) = Tanimoto(E(mi),E(mj)). (1)

We use the FAISS library for approximate nearest neighbor search [40, 41], combined with big batch search to
perform efficient pairwise similarity search. However, during the retrieval process, when calculating the pairwise
similarity between each molecule, we often encounter the issue of the same molecule appearing multiple times. To
address this, we group molecules based on similarity scores to prevent the repeated occurrence of a single molecule.

3.1.2 Molecule grouping: traversing the Tanimoto similarity graph

Given a set of molecules M = {m1,m2, . . . ,mi} and the nearest neighbors for each molecule N(mi), our goal is
to sort and group the molecules such that each group of pretraining data contains molecules with the most related

1) https://pubchem.ncbi.nlm.nih.gov.

https://pubchem.ncbi.nlm.nih.gov
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substructures. Formally, we aim to form a set of inputs S1 · · · Sm, where each molecule has a corresponding textual
description Si = {s1, s2, . . . , sk} and

⋃m

i=1 Si = M. Ideally, the molecules in Si are nearest neighbors of each other.
A straightforward approach to form S1 · · · Sm is to directly place each molecule and its retrieved top-k molecules

together as a group. Although this method maintains structural similarity within each group of molecules, it
introduces the data repetition problem, where the same molecule groups appear multiple times. This data repetition
problem exposes the LLM to a less diverse set of molecules given a fixed computational budget, potentially leading
to overfitting to the common structures of the molecules. Therefore, our goal is to construct molecule groups in a
way that each molecule appears only once, which can be cast as a graph traversal problem.

Tanimoto similarity graph traversal. To maximize the grouping of related molecules, an intuitive approach
is to find a path that visits each molecule once and maximizes the probability that related molecules are visited
sequentially. We then treat the path as a molecular group. We formulate this as a variant of the maximum traveling
salesman problem [42], which aims to find multiple paths where each node appears exactly once across these paths,
with each path being a maximum-weight path. We represent each molecule as a node in the graph and use Tanimoto
similarity as the edge weight. We design a Tanimoto similarity graph (TSG), denoted as GT = (M, E). Here, GT
represents the set of molecules, while (n, n∗) ∈ E is an edge if n∗ ∈ N(ni) or ni ∈ N(n∗). The weight of each edge
corresponds to the Tanimoto similarity (Eq. (1)).

Solving large-scale traveling salesman problems exactly is NP-hard, but greedy algorithms are known to provide
efficient approximate solutions. We adopt this approach with modifications to better suit our specific problem.
Algorithm 1 presents the method for constructing maximum-weight paths, and the identified path is illustrated in
Figure 2. Our algorithm begins by selecting the molecule with the smallest degree that has not yet been visited as
the starting node (Molecule 0). It then progressively extends the current path by visiting the unvisited neighboring
molecule with the highest weight (Molecule 6), adding it to the path. This process continues until the path reaches
a node where all its neighboring molecules have already been visited, as our graph is not a complete graph and only
contains edges between molecules where one is among the other’s k-nearest neighbors. In such cases, we extend
the graph by again selecting the unvisited molecule with the smallest degree (Molecule 4) and repeat the process
to obtain a new path as a molecular group. The motivation for starting from the minimum-degree molecule is that
these molecules are most likely to have all their neighbors visited first, leading them to be connected to dissimilar
molecules in the final path.

Algorithm 1 Modified maximum traveling salesman for Tanimoto similarity graph traversal.

Input: TSG GT = (M, E);

N(ni): the neighbor set of molecule ni in GT ;

min deg(M): returns a molecule with minimum degree in the current graph;

sim(ni, nj): Tanimoto similarity between molecules ni and nj .

Output: A set of traversal paths P , where each path corresponds to one molecular group.

1: Initialize the output path set: P ← [];

2: Initialize the set of unvisited molecules asM;

3: while |M| > 0 do

4: Initialize a new path: Pi ← [];

5: Select the starting molecule with minimum degree:

6: ni ← min deg(M);

7: Add ni into the current path Pi;

8: Remove ni from the unvisited setM;

9: Compute the candidate neighbor set of the current molecule:

10: C ← N(ni) ∩M;

11: while C 6= ∅ do

12: Select the most similar unvisited neighbor:

13: nj ← argmaxn∈C sim(ni, n);

14: Move to the selected molecule: ni ← nj ;

15: Append ni to the current path Pi;

16: Remove ni from the unvisited setM;

17: Update the candidate neighbor set:

18: C ← N(ni) ∩M;

19: end while

20: Add the completed path Pi to the output set P ;

21: end while

22: Return all traversal paths as the molecular grouping result;

23: return P .

Finally, we treat the obtained path as a molecular group and input the molecules and their corresponding
descriptive texts into the LLM for pretraining according to the path order. It is worth noting that when inputting
the description of each molecule, we also include information on its ten lowest-energy conformations. The purpose
of this is to enable the LLM to develop a certain degree of multimodal understanding during the pretraining process.
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Figure 3 (Color online) A model fine-tuning framework incorporating the EGCS algorithm. The process is as follows: after inputting multiple

molecular conformers, a conformer relationship graph is first constructed. Based on the constructed graph, the optimization objective of GIB is

computed. Finally, it is iteratively updated in combination with the loss of the large model.

It is worth noting that in our implementation, we do not need to explicitly consider the selection of an ending node
during graph traversal. As mentioned above, at the beginning of each grouping process, we select the unvisited
molecule with the smallest degree in the graph as the starting point. Initially, we randomly choose one of the
minimum-degree molecules to begin, and then start our iterative algorithm to visit the unvisited neighboring
molecule with the highest edge weight, marking and recording it as belonging to the same molecular group. Our
algorithm maximizes the grouping of related molecules while avoiding multiple occurrences of the same molecule.
Therefore, once all molecules have been grouped, the iterations naturally terminate without the need to deliberately
design an ending node.

3.2 Entropy-guided conformer selection finetuning

When incorporating molecular conformational information into an LLM, structural differences among conformers
can lead to information interference if they are fed into the model without selection. This interference may affect the
LLM’s ability to accurately identify the reactive conformers. Therefore, it is crucial to select appropriate conformers
to ensure the correct assessment of molecular interactions. Our conformer selection algorithm is shown in Figure 3.

3.2.1 Conformation graph modeling: relationship capture

Molecular conformers exist in a dynamic equilibrium, with each conformer having a certain probability of converting
into other conformers. During the transition from one conformer to another, there is typically one conformer that
is the most easily converted [43]. Generally, when one conformation transitions to another, only partial structural
changes occur. As a result, the features of the two conformations involved in the transition tend to be more similar.
Therefore, we can establish a conformation transition relationship graph through conformation feature calculations.

For multiple conformations of a molecule, we first need to encode each conformation. Let Ca = [Ca
1 , . . . , C

a
na
]

and Cb = [Cb
1, . . . , C

b
nb
] represent the conformer pairs for molecule a and molecule b, where Ca

i and Cb
i are the i-th

conformations, na and nb are the number of conformations for each molecule. We leverage UniMol [44], a powerful
3D molecular feature encoder f , along with attention pooling p, to capture the embeddings of conformer pairs.

Va = [va1 , v
a
2 , . . . , v

a
na
],where vai = p(f(Ca

i )),

Vb = [vb1, v
b
2, . . . , v

b
nb
],where vbi = p(f(Cb

i )), (2)

where Va and Vb represent the sets of conformation feature embeddings for the two molecules. Then, we calculate
the feature similarity of each conformation in the molecule using Euclidean distance. We retain the edges with a
similarity greater than a given threshold τ and use the similarity as the edge weight, constructing a conformation
relationship graph with conformations as nodes. Taking molecule a as an example, specifically

eij =

{

‖vai − vaj ‖2, if ‖vai − vaj ‖2 > τ,

0, if ‖vai − vaj ‖2 < τ,
(3)
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where eij represents the edge weight, and 0 indicates no edge. In this way, we obtain the conformation relationship
graphs for molecule a and molecule b, denoted as Ga and Gb.

3.2.2 Graph information bottleneck: conformation selection

We improve the graph information bottleneck (GIB) principle and integrate it into the conformation relationship
graph, thereby enabling the selection of conformations.

Theorem 1 (GIB). Given a graph G and its label Y , the GIB aims to find a compressed representation of the
graph Z that retains key information by optimizing the following objective:

max
Z

I(Y, Z) s.t. I(G, Z) 6 Ic, (4)

where Ic is the information constraint between G and Z. By introducing a Lagrange multiplier β to (4), we reach
its unconstrained form

max
Z

I(Y, Z)− βI(G, Z). (5)

Eq. (5) gives a general formulation of GIB. In conformation selection, we focus on how to retain the conformation
nodes that are closest to the prediction target while minimizing redundant information as much as possible. By
combining (5) and structural entropy, we obtain the optimization objective for the key conformation subgraph
(KC-subgraph). In order to better select subgraphs for subsequent updates, we use MLP to map node importance
for selection.

Theorem 2 (KC-subgraph). For conformation relationship graphs Ga and Gb, their key conformation subgraphs,
which maximize information while minimizing redundant structures, namely the KC-subgraphs, can be obtained
by optimizing the following objective, taking Ga as an example:

max
Ga
sub∈G

a
sub

I(Y,Gab
sub)

2
− αI(Ga,Ga

sub) + βSE(Ga
sub), (6)

where G
a
sub denotes the set of all subgraphs of Ga, Gb

sub represents the selected subgraph of Gb, and Gab
sub denotes

the fused representation of Ga
sub and Gb

sub. As shown in (6), to select the most critical conformation, we need to
optimize the model with respect to I(Y,Gab

sub), I(G
a,Ga

sub), and SE(Ga
sub).

For the first term I(Y,Gab
sub), it represents the mutual information between the selected subgraph and the target.

Therefore, we first expand it

I(Y,Gab
sub) =

∫

p(y,Gab
sub) log p(y|G

ab
sub)dy dGab

sub +H(Y ), (7)

where H(Y ) is the entropy of Y and thus can be ignored. In practice, we approximate p(y,Gab
sub) with an empirical

distribution p(y,Gab
sub) ≈ 1

N

∑N

i=1 δyi
(y)δGab

sub,i
(Gab

sub), where Gab
sub is the fused subgraph and Y is the label. By

substituting the true posterior p(y|Gab
sub) with a variational approximation qφ1(y|G

ab
sub), we obtain a tractable lower

bound of the first term in (6):

I(Y,Gab
sub) >

∫

p(y,Gab
sub) log qφ1(y|G

ab
sub)dy dGab

sub

≈
1

N

N
∑

i=1

qφ1(yi|G
ab
sub,i) =: −Lcls(qφ1(y|G

ab
sub), ygt),

(8)

where ygt is the ground truth label of the graph. Eq. (8) indicates that maximizing I(Y,Gab
sub) is achieved by

the minimization of the classification loss between Y and Gab
sub as Lcls. Intuitively, minimizing Lcls encourages the

subgraph to be predictive of the graph label. In practice, we choose the cross entropy loss for categorical Y and the
mean squared loss for continuous Y , respectively. The detailed derivation process can be found in Appendix C.

Then, we optimize I(Ga,Ga
sub). To reduce the dependence on prior assumptions about the graph data distribution,

we adopt the Donsker-Varadhan representation [45] to express the KL divergence:

I(Ga,Ga
sub) = sup

fa
φ2

:G×G→R

EGa,Ga
sub∈p(G

a,Ga
sub)

fφa
2
(Ga,Ga

sub)− log
(

EGa∈p(Ga),Ga
sub∈p(G

a
sub)

e
fφa

2
(Ga,Ga

sub)
)

, (9)
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where fa
φ2

is the statistics network that maps from the graph set to the set of real numbers. Then, we use GIN [46]
to extract embeddings from both Ga and Ga

sub, and concatenate the embeddings of Ga and Ga
sub, feeding them into a

multi-layer perceptron to finally produce a real number. In conjunction with the sampling method to approximate
p(Ga,Ga

sub), p(G
a), and p(Ga

sub), we arrive at the following optimization problem to approximate:

max
φa
2

LMI(φ
a
2 ,G

a
sub) =

1

N

N
∑

i=1

fφa
2
(Ga

i ,G
a
sub,i)− log

1

N

N
∑

i=1,j 6=i

efφ
a
2
(Ga

i ,G
a
sub,j). (10)

For the selected subgraph, in order to reduce its internal complexity and enable the LLM to make more accurate
judgments, we evaluate and optimize its structural entropy SE(Ga

sub), denoted as LSE(G
a
sub).

LSE(G
a
sub) = −

∑

i∈V a
sub

∑

j∈V a
sub

DiDj

(

1 + w∗ij
)

log
(

DiDj

(

1 + w∗ij
))

, (11)

where V a
sub denotes the set of nodes in the subgraph Ga

sub, Di =
di∑

k∈Vsub
dk

is the normalized degree of node vi, di

is the degree of node vi, and w∗ij =
wij∑

(i,j)∈Esub
wij

is the normalized weight of the edge eij , reflecting the degree of

connection between the two conformations.
Combining (8), (9), and (11), the final optimization objective for KC-subgraph Ga

sub is

min
Ga
sub,φ1

L(Ga
sub, φ1, φ

a∗
2 ) =

Lcls(qφ1(y|G
a
sub), ygt)

2
+ αLMI(φ

a∗
2 ,Ga

sub) + βLSE(G
a
sub),

s.t. φa∗
2 = argmax

φa
2

LMI(φ
a
2 ,G

a
sub).

(12)

By optimizing in the same way, we obtain the KC-subgraphs Ga
sub and Gb

sub. The feature representation encoded
by GIN is denoted as Za and Zb.

3.3 LLM generation: judgment of intermolecular relationships

In order for the LLM to correctly understand information from the two different modalities of semantics and
conformation, the next step is to map them into the same semantic space using projectors fproj1, fproj2, where
fproj1 and fproj2 share the same parameters. These projectors act as critical connectors, translating Za and Zb into
LLM-comprehensible encodings Ma and Mb. We instantiate fproj1 and fproj2 using trainable projection matrices,
which share the same dimensionality as the word embedding space in the language model. More formally, the
encodings can be expressed as

Ma = [ma
1 ,m

a
2, . . . ,m

a
dim] = fproj1(Za),

Mb = [mb
1,m

b
2, . . . ,m

b
dim] = fproj2(Zb), (13)

where dim denotes the feature dimensionality of the LLM and mi represents the embedded representation of a single
aligned conformer. Next, we use DeepSeek [10], which has undergone incremental pretraining, as the backbone of
Gelm. Compared to other LLMs, DeepSeek demonstrates better logical reasoning ability and can more accurately
determine intermolecular interaction relationships based on the given information. The prompt sequence X is as
follows:

X = {P,Ma,Mb} = [x1,x2, . . . ,xn] s.t. P ∼ P, (14)

where n denotes the total integrated input length, P represents the task-specific prompt, and P refers to a collection
of manually designed prompts, each specifically crafted for the molecular interaction task r. The generation process
employs a causal mask to produce a response that encapsulates the key interactive properties, with a length of L:

X̂ = [x̂1, x̂2, . . . , x̂L]. (15)

The training objective is to predict the target response from the input prompt X. Specifically, the output for the
i-th token, represented as x̂i, is determined based on its preceding tokens as follows for t ∈ (1, L):

p
(

X̂[1:t]|X
)

=

t
∏

i=1

p
(

x̂i|X, X̂[1:i−1]

)

. (16)
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Figure 4 Prompts for different tasks, including qualitative tasks (DDI) and quantitative tasks (SSI).

Therefore, in Gelm, the total LOSS is

L = −
n
∑

t=1

log p(xt | x1, x2, . . . , xt−1) + θ(L(Ga
sub, φ1, φ

a∗
2 ) + L(Gb

sub, φ1, φ
b∗
2 )),

s.t. φa∗
2 = argmax

φa
2

LMI(φ
a
2 ,G

a
sub), φb∗

2 = argmax
φb
2

LMI(φ
b
2,G

b
sub),

(17)

where the first term is Llm and θ is a hyperparameter that controls the balance between the two losses.
For different tasks related to molecular interactions, we have designed distinct prompts. The details of the prompt

are presented in Figure 4. Here, SMILES0 and SMILES1 represent the SMILES notations, ConEmb0 and ConEmb1
represent multiple conformer tokens Ma and Mb. For DDI tasks, the goal is to enable the LLM to leverage the
conformational information of the two input molecules. By doing so, the LLM actively determines and provides an
answer as to whether there is an interaction between the two molecules, drawing on their respective conformations
to make a judgment.

For SSI tasks, where LLMs are less adept, we design a prompt that encourages the model to consider molecular
conformations during inference. Instead of a direct answer, the model predicts a range of possible interaction
outcomes based on the conformations. It then synthesizes the data to estimate a specific value within that range.

4 Experimental results

4.1 Experimental setting

We evaluate Gelm on well-established downstream molecule interaction tasks involving qualitative and quantitative
analysis. Here we provide an overview of our experimental setup. Detailed descriptions are presented in Appendixes
A and B.

Datasets. We employ 12 datasets across various domains such as DDI, SSI, and CSI. Specifically, we collect
Drugbank (Version 5.0.3), ZhangDDI [47], ChChMiner [48], DeepDDI [49], TWOSIDES [50], Chromophore [51],
MNSol [52], CompSol [53], Abraham [54], CombiSolv [55], FreeSolv [56] and CombiSolv-QM [55].

Baselines. For a comprehensive evaluation, we conduct various baseline methods encompassing distinct cat-
egories such as methods based on: GNNs, DL models other than GNN, and LLMs. Specifically, for DDI tasks,
we employ IGIB-ISE [57], MHCADDI [58], DeepDDI [49], SSI-DDI, CGIB, CMRL [1], MDF-SA-DDI [59], DSN-
DDI [60], MolTC [6] as the baseline. For SSI and CSI tasks, we utilize D-MPNN [55], SolvBert [61], SMD [62],
CGIB, MMGNN [63], GEM [64], GROVER [65], Uni-Mol [44] as the baseline. Furthermore, all downstream tasks
adopt LLM-based methods, such as Galactica, Chem T5 [66], MolT5, MolCA [8] and MolTC as the baseline.

Training epochs. At the beginning of the experiment, we first perform incremental pretraining, conducting
10 epochs on the collected pretraining dataset. Then, during the fine-tuning phase, the number of training epochs
varies for different tasks. For the DDI task, we typically fine-tune for 50 epochs. For SSI datasets with more than
3000 molecular pairs, we first fine-tune on the CombiSolv-QM dataset for 100 epochs, followed by an additional
30 epochs on their respective datasets. For SSI datasets with fewer than 3000 molecular pairs, this number is
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Table 1 Comparative performance of various methods in qualitative interactive tasks. The best-performing methods are highlighted in bold,

while the second-best methods are marked with * for emphasis.

Baseline model
Drugbank ZhangDDI ChChMiner DeepDDI

Accuracy AUC-ROC Accuracy AUC-ROC Accuracy AUC-ROC Accuracy AUC-ROC

GNN-based

IGIB-ISE 95.03±0.37 98.79±0.54 88.64±0.32 94.58±0.38 94.81±0.36 97.71±0.33 96.15±0.34 98.44±0.32

SSI-DDI 94.09±0.31 98.24±0.28 86.94±0.33 93.55±0.39 93.07±0.22 97.83±0.13 94.85±0.24 98.33±0.31

DSN-DDI 94.91±0.11 98.96∗±0.10 87.38±0.12 94.71±0.29 84.18±0.17 94.12±0.27 95.36±0.27 98.09±0.16

CMRL 94.89±0.12 98.68±0.11 87.75±0.33 94.45±0.21 94.12±0.25 98.28±0.13 96.22±0.35 98.93∗±0.30

CGIB 94.62±0.33 98.48±0.25 87.75±0.71 93.92±0.60 94.30±0.37 98.39∗±0.31 96.07±0.48 97.91±0.63

ML-based

DeepDDI 93.12±0.26 98.41±0.53 83.81±0.47 91.38±0.57 90.58±0.63 95.97±0.28 92.53±0.39 98.18±0.42

MHCADDI 79.10±0.81 86.13±0.46 77.85±0.48 87.21±0.69 84.71±0.54 90.13±0.81 87.81±0.78 88.76±0.74

MDF-SA-DDI 94.02±0.33 97.72±0.30 86.83±0.26 94.28±0.34 93.81±0.22 98.19±0.20 94.94±0.32 97.80±0.35

LLM-based

Galactica 79.35±0.33 86.33±0.33 67.47±0.55 79.15±0.58 74.63±0.42 84.15±0.66 71.34±0.43 79.21±0.39

Chem T5 86.10±0.30 92.20±0.36 72.57±0.38 89.60±0.31 81.12±0.53 85.48±0.47 75.95±0.64 84.63±0.45

MolCA 87.96±0.48 94.12±0.36 68.70±0.61 88.42±0.51 90.27±0.44 93.14±0.60 83.11±0.56 89.15±0.73

MolT5 89.72±0.36 93.28±0.36 77.02±0.40 87.79±0.52 81.05±0.36 90.26±0.37 89.34±0.36 94.10±0.32

MolTC 95.94∗±0.17 98.93±0.21 89.45∗±0.12 95.69∗±0.16 95.68∗±0.22 98.18±0.19 96.78∗±0.27 98.91±0.41

Gelm (ours) 96.38±0.14 99.10±0.12 92.60±0.30 96.13±0.11 96.44±0.33 98.52±0.16 97.34±0.24 99.08±0.32

adjusted to 20 epochs. Furthermore, both the pretraining and fine-tuning phases employ the same configuration
for the optimizer and learning rate scheduler, as detailed in the following section.

Training strategy. We employ the AdamW optimizer with a weight decay set at 0.05. Our learning rate
strategy utilizes a combination of linear warm-up and cosine decay, optimizing the training process by initially
increasing the learning rate to promote faster convergence, and then gradually decreasing it according to a cosine
curve to fine-tune the model parameters. LoRA is implemented using the Open Delta library, and the PEFT library.
LoRA’s rank r is set to 16, while LoRA is applied to DeepSeek’s modules of [q proj, k proj, v proj, o proj,

gate proj, up proj, down proj]. Regarding the hyperparameter settings of the loss, we provide in Appendix D
the effects of different configurations to assist readers in making their choice and judgment.

4.2 Evaluation metrics

We employ prediction accuracy (%) and AUC-ROC (area under the receiver operating characteristic curve) as
comparative metrics, while for quantitative tasks, MAE (mean absolute error) and RMSE (root mean square error)
are utilized as the metrics.

4.3 Experimental results and analysis

Here, we present models based on GNNs, ML, and LLMs, all of which demonstrate outstanding performance
across various domains. Since the evaluation of Gelm involves two distinct primary tasks, regression (DDI) and
quantization (SSI), we will discuss its performance separately for each task. Additional experimental results are
provided in Appendix D.

Qualitative prediction performance. Table 1 presents the comparative performance of Gelm and various
baseline methods on four widely used chemical datasets. The experimental results clearly demonstrate that Gelm
consistently outperforms existing methods across all datasets. For example, on the ZhangDDI dataset, our model
achieves nearly a 3% improvement in accuracy compared to MolTC. This improvement can be attributed to our
innovative combination of graph-based Tanimoto similarity grouping pretraining and 3D molecular conformational
information, which allows for more effective integration of conformational data. This method enables our model
to better capture the 3D structural features of molecules, leading to a deeper understanding of how molecular
structures influence molecular properties. Furthermore, compared to the best-performing GNN model, IGIB-ISE,
and the top machine learning-based method, MDF-SA-DDI, Gelm achieves significant performance improvements
across multiple dimensions. This breakthrough is attributed to the DeepSeek model we use, which, with its extensive
knowledge base and incremental pretraining mechanism, provides enriched knowledge support for the model. This
knowledge enhancement significantly improves the model’s performance in reasoning tasks, especially in the field of
molecular property prediction, showcasing its unique advantages in understanding molecular data.

Quantitative prediction performance. Table 2 presents the performance of Gelm on quantitative tasks.
The data indicates that while LLM-based models generally perform slightly worse than GNN-based and ML-based
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Table 2 Comparative performance of various methods in quantitative interactive tasks. The best-performing methods are highlighted in bold,

while the second-best methods are marked with * for emphasis.

Baseline model
FreeSolv Abraham CompSol CombiSolv

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

GNN-based

MMGNN 0.548±0.032 0.924±0.038 0.199±0.009 0.403±0.012 0.175∗±0.005 0.302±0.005 0.189±0.004 0.393∗±0.015

D-MPNN 0.718±0.015 1.240±0.030 0.501±0.012 0.725±0.028 0.213±0.008 0.380±0.009 0.498±0.015 0.910±0.056

GEM 0.615±0.019 1.210±0.053 0.259±0.006 0.542±0.009 0.208±0.007 0.348±0.006 0.303±0.010 0.785±0.020

CGIB 0.552±0.012 0.934±0.058 0.264±0.009 0.536±0.010 0.177±0.005 0.317±0.005 0.234±0.004 0.397±0.010

ML-based

GROVER 0.642±0.027 1.087±0.046 0.360±0.010 0.628±0.018 0.189±0.007 0.374±0.016 0.421±0.018 0.742±0.036

SolvBert 0.595±0.032 1.061±0.055 0.493±0.009 0.692±0.016 0.194±0.010 0.353±0.009 0.433±0.019 0.714±0.022

Uni-Mol 0.579±0.062 1.015±0.074 0.368±0.009 0.618±0.025 0.199±0.003 0.348±0.004 0.272±0.006 0.675±0.018

SMD 0.615±0.038 1.224±0.037 0.404±0.023 0.654±0.038 0.199±0.007 0.351±0.008 0.663±0.013 1.018±0.032

LLM-based

Galactica 0.889±0.012 1.395±0.068 0.648±0.009 1.062±0.017 0.598±0.009 0.863±0.009 0.839±0.022 1.454±0.040

Chem T5 0.815±0.037 1.355±0.058 0.641±0.011 0.918±0.018 0.450±0.009 0.740±0.011 0.895±0.016 1.311±0.025

MolCA 0.775±0.036 1.298±0.042 0.587±0.008 0.891±0.012 0.479±0.009 0.730±0.024 0.641±0.044 1.098±0.038

MolT5 0.719±0.048 1.120±0.076 0.555±0.010 0.845±0.007 0.487±0.004 0.703±0.009 0.678±0.032 1.118±0.030

MolTC 0.496∗±0.014 0.698∗±0.043 0.197∗±0.012 0.391∗±0.011 0.181±0.007 0.298∗±0.005 0.186∗±0.005 0.414±0.011

Gelm (ours) 0.471±0.014 0.655±0.030 0.176±0.009 0.374±0.013 0.168±0.007 0.284±0.003 0.175±0.006 0.384±0.013

Figure 5 (Color online) Experimental results of different LLMs as the backbone.

models, Gelm has maintained a leading position in quantitative analysis tasks, which are traditionally considered
challenging for LLMs. Notably, on the CombiSolv dataset, Gelm achieved an RMSE of 0.384, representing an
improvement of nearly 7% compared to the second-best LLM-based model, MolTC, which had an RMSE of 0.414.
Furthermore, Gelm significantly outperformed the best GNN-based model, MMGNN. For instance, on the FreeSolv
dataset, Gelm reduced the RMSE by nearly 29%, demonstrating its superior predictive capabilities. These substan-
tial improvements can be attributed to Gelm’s enhanced understanding of molecular structures, enabling the model
to capture molecular interactions with greater accuracy. Unlike conventional LLMs, which often struggle with nu-
merical precision in chemical property predictions, Gelm leverages advanced molecular representation techniques to
bridge this gap. The integration of chain-of-thought reasoning further compensates for LLMs’ inherent weaknesses
in quantitative analysis by guiding the model through a more structured and logical reasoning process. Addition-
ally, Gelm’s ability to incorporate 3D molecular conformational information provides a more holistic perspective on
molecular behavior, ultimately leading to more precise and reliable predictions.
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Figure 6 (Color online) Model performance evaluation across different scales under both multimodal and non-multimodal settings.

4.4 Performance comparison of different LLMs as backbones

For the selection of the backbone model, we conduct comprehensive testing across multiple models of varying param-
eter scales, including DeepSeek-1.5B, DeepSeek-7B, DeepSeek-14B [10], LLaMA-1B, LLaMA-13B [67], Galactica-
1.3B, and Galactica-6.7B [68]. Our experimental results indicate that, at comparable parameter scales, the DeepSeek
models consistently outperform other LLMs, demonstrating superior task adaptability and overall performance.
The experimental results are shown in Figure 5. We can observe that at equivalent or similar parameter scales,
DeepSeek demonstrates a clear advantage over other LLMs in SSI tasks. This suggests that DeepSeek not only
possesses a stronger understanding of molecular properties but also excels in quantitative reasoning, making it a
highly promising model for scientific computation tasks that demand high numerical precision.

Interestingly, we find that larger models do not necessarily achieve better results as model size increases. This
phenomenon, known as inverse scaling, has been discussed in prior work [69,70], where enlarging a model or dataset
can actually worsen performance on certain tasks, thereby challenging traditional assumptions about scaling in
machine learning. Compared with smaller models, larger language models are less likely to avoid questions or tasks
beyond their capabilities and instead tend to respond with greater confidence-even when incorrect [70]. In the
context of molecular relationship learning, a domain underrepresented in the training data of LLMs compared with
more common knowledge areas, this effect becomes particularly evident: larger models may not perform better and
may even generate more confident yet wrong answers, which aligns with our experimental findings where smaller
models sometimes outperform their larger counterparts on MRL tasks.

To further explain this phenomenon, we conducted additional experiments using the three DeepSeek models of
different scales as the testing basis. Taking the ZhangDDI dataset and CombiSolv as examples, we re-split the
datasets to reduce the influence of data splitting strategy. We also plotted the performance curves during training.
As shown in Figure 6, models of different scales all reached their best performance before training reached the
maximum epoch. Therefore, this phenomenon is not caused by insufficient fine-tuning.

In addition, as shown in Figure 6, our two testing settings reveal an interesting trend. In the text-only evaluation,
larger models initially achieve the best performance at the early stages of training. However, as training progresses,
smaller models adapt more quickly to the domain-specific dataset, while larger models adapt much more slowly.
Even as the number of training epochs increases and the models begin to overfit, the larger models still exhibit a
certain inertia, persisting in their earlier beliefs and struggling to revise incorrect knowledge. We believe this is
partly related to the general-purpose knowledge acquired during the pretraining phase of LLMs. Compared with
the vast amount of general knowledge, the chemical-domain SMILES-based pretraining we provide constitutes only
a small proportion. As a result, when confronted with domain knowledge that conflicts with their pretrained general
knowledge, larger models may struggle to adjust their reasoning, leaving them at a disadvantage compared with
smaller models. This effect becomes even more pronounced when conformational information is incorporated into
training.

4.5 Ablation study

Overall ablation. Table 3 presents the results of the ablation experiments. In our ablation experiments, we first
compared the performance of models based on three different pretraining strategies: in-context pretraining (ICP) [7],
random molecular description input (Random), and no pretraining (Free). All of these models were benchmarked
using the GTSG-based pretraining method. From the data presented in the Table 3, it is clear that when replaced
with other pretraining methods, the model performance generally decreases across various datasets. Both qualitative
and quantitative tasks show varying degrees of performance degradation. It is particularly noteworthy that in some
quantitative tasks, pretraining with random input can lead to the model learning disorganized knowledge, which
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Table 3 The results of the ablation study. w/o indicates that this method is not used.

Dataset Metric
w/o GTSG w/o EGCS

ICP Random Free All Partial None

DDI

Accuracy 0.39±0.07 0.84±0.14 1.41±0.23 0.73±0.07 0.87±0.16 2.24±0.35

Rate (↓) 0.48% 1.03% 1.72% 0.90% 1.07% 2.75%

AUC-ROC 0.47±0.09 0.99±0.18 1.69±0.27 0.87±0.14 1.05±0.17 2.52±0.39

Rate (↓) 0.51% 1.08% 1.83% 0.94% 1.13% 2.73%

SSI

MAE 0.008±0.002 0.013±0.004 0.029±0.007 0.018±0.006 0.022±0.007 0.040±0.011

Rate (↑) 3.64% 5.92% 13.20% 8.20% 10.02% 18.22%

RMSE 0.014±0.004 0.019±0.005 0.042±0.010 0.023±0.007 0.031±0.008 0.052±0.015

Rate (↑) 3.10% 4.21% 9.30% 5.09% 6.86% 11.52%

CSI

Abs.

MAE 0.38±0.04 0.67±0.11 0.54±0.12 0.61±0.10 0.78±0.12 1.51±0.25

Rate (↑) 3.18% 5.60% 4.51% 5.10% 6.52% 12.63%

RMSE 0.44±0.05 0.88±0.14 0.68±0.13 0.72±0.06 0.90±0.15 2.15±0.34

Rate (↑) 2.33% 4.67% 3.60% 4.64% 4.77% 11.39%

CSI

Emis.

MAE 1.37±0.24 2.07±0.17 1.86±0.21 2.35±0.24 1.89±0.16 3.81±0.31

Rate (↑) 7.35% 9.44% 8.48% 10.72% 8.77% 17.65%

RMSE 1.69±0.17 2.58±0.28 2.33±0.22 2.79±0.32 2.33±0.19 5.10±0.35

Rate (↑) 6.18% 9.42% 8.51% 10.19% 8.51% 18.64%

CSI

Life.

MAE 0.027±0.005 0.047±0.008 0.042±0.007 0.042±0.007 0.051±0.009 0.085±0.013

Rate (↑) 4.29% 7.64% 6.83% 6.67% 8.10% 13.50%

RMSE 0.041±0.008 0.068±0.010 0.053±0.012 0.054±0.010 0.073±0.012 0.110±0.016

Rate (↑) 4.63% 7.68% 5.99% 6.10% 8.25% 12.43%

negatively impacts its judgment. For example, in the CSI-related task, the model without pretraining outperforms
the one pretrained with random input, and this phenomenon is especially pronounced. However, when molecular
text descriptions are concatenated and then pretrained, the model shows improved performance on the CSI task.
We believe that this enhancement is primarily due to the molecular description pretraining, which helps the model
achieve better category recognition, thereby boosting performance in specific tasks. Overall, these experimental
results highlight the superiority of our GTSG-based pretraining method.

After adopting our GTSG pretraining method, we conducted further experiments to compare the performance
when EGCS was removed. Specifically, we performed experiments under three different scenarios: using all confor-
mations (All), randomly retaining partial conformations (Partial), and not using any conformations (None). The
results presented in Table 3 clearly indicate that when no conformations are used as supplementary information,
the model performance experiences a significant drop. This finding validates the necessity of incorporating confor-
mations as additional information in our experiments. Interestingly, when only partial conformations are randomly
retained, we observe that, due to the inherent randomness, the model performs better on certain datasets compared
to using all conformations. This further emphasizes the importance of carefully selecting conformations, rather
than simply using all available conformations. However, it is also evident that using all conformations can lead to a
certain degree of performance degradation. These results collectively support the superiority of our EGCS method.
They demonstrate that while conformations are critical for model performance, the way in which they are selected
and incorporated plays a crucial role in optimizing results. Our findings suggest that a well-balanced and thoughtful
approach to conformation selection is essential for achieving the best performance, highlighting the effectiveness of
the EGCS method in enhancing model outcomes.

In-depth analysis of GTSG. We propose a pretraining method based on GTSG. However, verifying the
effectiveness of this strategy solely through downstream tasks and ablation studies cannot directly demonstrate that
our approach enhances the model’s ability to perceive structural similarity. Therefore, we designed an additional
experiment to explicitly validate that the GTSG-based pretraining method indeed strengthens the model’s structural
awareness, while also evaluating the generalization performance of the model trained under the GTSG approach.
Specifically, we further split the pretraining dataset by holding out 10% of the data, ensuring that it is excluded
from the pretraining process and reserved solely for evaluation. We then perform incremental pretraining on the
backbone model using the remaining data and subsequently evaluate the pretrained backbone on the held-out 10%
subset through structure-based property prediction tasks.

Here, we compare several pretraining strategies, including random splitting, the ICP method [7], and a no-
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Table 4 Model performance under different pretraining strategies.

Experiment GTSG Random ICP [7] MolTC [6] Free

Accuracy 0.848 ± 0.016 0.702 ± 0.020 0.792 ± 0.019 0.736 ± 0.017 0.611 ± 0.014

pretraining baseline. In addition, we adapt the pretraining strategy from MolTC [6] by modifying it for integration
into LLM pretraining. Specifically, in the modified strategy, molecular pairs are fed into the LLM for incremental
pretraining, where the model is tasked with predicting potential interactions between the paired molecules. The
specific experimental results are shown in Table 4. Here, we adopt DeepSeek-1.5B as the testing backbone, which
is also the final backbone selected for our model.

From the data in Tables 3 and 4, it can be seen that our GTSG pretraining strategy not only effectively enhances
the LLM’s ability to perceive molecular structures but also improves its generalization in predicting molecular
properties based on structural information, thereby significantly boosting performance on downstream MRL tasks.

5 Conclusion

In this paper, we introduce an innovative pretraining method for chemical datasets based on LLMs, addressing the
lack of relational awareness in traditional chemical LLM pretraining. During the fine-tuning stage, we incorporate
information entropy theory and structural entropy to guide the selection of key molecular conformers, enhancing
the model’s ability to capture essential structural information. Furthermore, Gelm has been extensively tested
across multiple LLM backbones, providing concrete insights for selecting suitable LLM architectures for MRL
tasks. This resolves the long-standing challenge of the lack of guidance on LLM selection in traditional MRL
research. Experiments across twelve diverse datasets from various domains demonstrate the superiority of Gelm,
with DeepSeek as the backbone, over existing GNN-based and LLM-based baselines, setting a new benchmark for
integrating multimodal data in LLM-driven MRL. Limitations can be referred to in Appendix E.
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