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Abstract—Pretraining molecular representations is crucial for
drug and material discovery. Recent methods focus on learning
representations from geometric structures, effectively capturing
3D position information. Yet, they overlook the rich information
in biomedical texts, which detail molecules’ properties and
substructures. With this in mind, we set up a data collection
effort for 200K pairs of ground-state geometric structures and
biomedical texts, resulting in a PubChem3D dataset. Based on
this dataset, we propose the GeomCLIP framework to enhance for
multi-modal representation learning from molecular structures
and biomedical text. During pre-training, we design two types
of tasks, i.e., multimodal representation alignment and unimodal
denoising pretraining, to align the 3D geometric encoder with
textual information and, at the same time, preserve its original
representation power. Experimental results show the effectiveness
of GeomCLIP in various tasks such as molecular property
prediction, zero-shot text-molecule retrieval, and 3D molecule
captioning. Our code and collected dataset are available at
https://github.com/xiaocui3737/GeomCLIP.

Index Terms—molecule conformation, CLIP, molecule descrip-
tion, geometric pretraining

I. INTRODUCTION

The problem of learning useful image [35, 42], video [27],
and audio [11] representations by incorporating text super-
vision [35] has been extensively studied in the literature.
Because of the practical importance of generating molecular
structures from textual descriptions of molecular characteris-
tics, substructures, etc., there is a growing interest in multi-
modal representation learning from molecular structures and
biomedical text [6, 8, 23, 26, 40, 53].

Existing works for multimodal learning on molecules and
texts operate in two ways: (1) Sequence-based methods model
molecules as 1D sequences, such as SMILES [5, 6, 25, 33];
(2) Graph-based methods aim to capture the 2D structures
in molecules [4, 7, 26, 45, 51, 54, 55, 60]. These meth-
ods, however, do not investigate the effect of 3D geometric
structures, which largely determine the physical and chemical
properties of molecules [21, 22]. The learning of geometric
representation for molecules is critical in various applications
for quantum chemistry [10], protein structure prediction [38],
materials science [37], and drug discovery [44]. Thus, a
promising direction is to pretrain molecular representations
based on 3D geometric structures and text descriptions, which
is the main focus of this paper. Concurrent to our work,
Tang et al. and Li et al. [18, 46] leverage 3D information
to aid in multimodal learning. However, they rely directly

on RDKit [17] to generate approximate 3D geometries from
SMILES for evaluation and training, which are not ground-
state geometries, are ambiguous, and can introduce significant
noise [56, 57]. In addition, their heavy emphasis on cross-
modal alignment causes them to overlook the unimodal in-
formation of 3D geometric structures, as demonstrated in our
experiments.

In this work, we pioneer the creation of a high-quality
dataset called PubChem3D, comprising 203,257 pairs of
ground-state geometric structures and biomedical texts. While
multimodal datasets exist in other domains [11, 35], a conspic-
uous gap remains when it comes to 3D molecule-text. This gap
stems from two main challenges: (i) acquiring ground-state
geometric structures is costly due to the time-intensive nature
of methods such as density functional theory (DFT) [32]. (ii)
Annotating the text of molecules is expensive given the need
for depth of expert knowledge. To address these challenges, we
describe a data collection effort, manually collecting molecule-
text pairs from various licensed sources (see § III-A for
details). To further enhance the representation learning of
molecules through text, we propose a simple GeomCLIP
framework, inspired by CLIP [35] to perform multimodal
pretraining of 3D geometry structures and textual descriptions
of molecules based on collected PubChem3D. As shown in
Figure 1, GeomCLIP comprises two encoders, each tailored to
learn 3D geometry or text representations of molecules. The
geometry and text encoders are aligned via a task-agnostic
joint contrastive objective to predict correct pairings within
a batch of (geometry, text) pairs. GeomCLIP also employs a
denoising objective to maintain the original effectiveness of the
geometric encoder in capturing the 3D positions of molecules.
Extensive experiments show the effectiveness of GeomCLIP
in various downstream tasks such as molecular property pre-
diction, text-molecule retrieval, and molecule captioning.

Our key contributions include: (1) We study a novel problem
of learning multi-modal molecular representations, integrating
3D geometry with textual data. (2) We meticulously curate
and develop a dataset combining text with ground-state 3D
geometry of molecules. Building upon our dataset, we propose
a straightforward yet highly effective approach, GeomCLIP
for enhancing 3D geometry representations of molecules.
(3) Extensive experiments show that our GeomCLIP yields
improved performance on various downstream tasks such as
3D molecular property prediction, text-to-molecule (and back)
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<latexit sha1_base64="m0dzZra4QexJlS949llkPIkiFKI=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbB07JbtXosePFYwX5IuyzZNNuGJtklyQql9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5UcqZNp737RTW1jc2t4rbpZ3dvf2D8uFRSyeZIrRJEp6oToQ15UzSpmGG006qKBYRp+1odDvz209UaZbIBzNOaSDwQLKYEWys9GjCC+SiQVgNyxXP9eZAq8TPSQVyNMLyV6+fkExQaQjHWnd9LzXBBCvDCKfTUi/TNMVkhAe0a6nEgupgMj94is6s0kdxomxJg+bq74kJFlqPRWQ7BTZDvezNxP+8bmbim2DCZJoZKsliUZxxZBI0+x71maLE8LElmChmb0VkiBUmxmZUsiH4yy+vklbV9Wvu1f1lpV7L4yjCCZzCOfhwDXW4gwY0gYCAZ3iFN0c5L86787FoLTj5zDH8gfP5Aw2gjz4=</latexit>

t3.g2
<latexit sha1_base64="2CDdVxxUG9i7HU97lECiRFmhxec=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbB07JrtXosePFYwX5IuyzZNNuGJtklyQql9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5UcqZNp737RTW1jc2t4rbpZ3dvf2D8uFRSyeZIrRJEp6oToQ15UzSpmGG006qKBYRp+1odDvz209UaZbIBzNOaSDwQLKYEWys9GjCKnLRIKyG5YrnenOgVeLnpAI5GmH5q9dPSCaoNIRjrbu+l5pggpVhhNNpqZdpmmIywgPatVRiQXUwmR88RWdW6aM4UbakQXP198QEC63HIrKdApuhXvZm4n9eNzPxTTBhMs0MlWSxKM44MgmafY/6TFFi+NgSTBSztyIyxAoTYzMq2RD85ZdXSevC9Wvu1f1lpV7L4yjCCZzCOfhwDXW4gwY0gYCAZ3iFN0c5L86787FoLTj5zDH8gfP5Aw8kjz8=</latexit>

t3.g3
<latexit sha1_base64="2CDdVxxUG9i7HU97lECiRFmhxec=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbB07JrtXosePFYwX5IuyzZNNuGJtklyQql9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5UcqZNp737RTW1jc2t4rbpZ3dvf2D8uFRSyeZIrRJEp6oToQ15UzSpmGG006qKBYRp+1odDvz209UaZbIBzNOaSDwQLKYEWys9GjCKnLRIKyG5YrnenOgVeLnpAI5GmH5q9dPSCaoNIRjrbu+l5pggpVhhNNpqZdpmmIywgPatVRiQXUwmR88RWdW6aM4UbakQXP198QEC63HIrKdApuhXvZm4n9eNzPxTTBhMs0MlWSxKM44MgmafY/6TFFi+NgSTBSztyIyxAoTYzMq2RD85ZdXSevC9Wvu1f1lpV7L4yjCCZzCOfhwDXW4gwY0gYCAZ3iFN0c5L86787FoLTj5zDH8gfP5Aw8kjz8=</latexit>

t3.g3
<latexit sha1_base64="Uk3JQJzVcFkz8qQ4auoabKbT6ls=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgadn1ET0GvXiMYB6SLMvsZJIMmZldZmaFsOQrvHhQxKuf482/cZLsQRMLGoqqbrq7ooQzbTzv2ymsrK6tbxQ3S1vbO7t75f2Dpo5TRWiDxDxW7QhrypmkDcMMp+1EUSwiTlvR6Hbqt56o0iyWD2ac0EDggWR9RrCx0qMJz5GLBuFNWK54rjcDWiZ+TiqQox6Wv7q9mKSCSkM41rrje4kJMqwMI5xOSt1U0wSTER7QjqUSC6qDbHbwBJ1YpYf6sbIlDZqpvycyLLQei8h2CmyGetGbiv95ndT0r4OMySQ1VJL5on7KkYnR9HvUY4oSw8eWYKKYvRWRIVaYGJtRyYbgL768TJpnrl91L+8vKrVqHkcRjuAYTsGHK6jBHdShAQQEPMMrvDnKeXHenY95a8HJZw7hD5zPHyXgj04=</latexit>

t3.gB
<latexit sha1_base64="Uk3JQJzVcFkz8qQ4auoabKbT6ls=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgadn1ET0GvXiMYB6SLMvsZJIMmZldZmaFsOQrvHhQxKuf482/cZLsQRMLGoqqbrq7ooQzbTzv2ymsrK6tbxQ3S1vbO7t75f2Dpo5TRWiDxDxW7QhrypmkDcMMp+1EUSwiTlvR6Hbqt56o0iyWD2ac0EDggWR9RrCx0qMJz5GLBuFNWK54rjcDWiZ+TiqQox6Wv7q9mKSCSkM41rrje4kJMqwMI5xOSt1U0wSTER7QjqUSC6qDbHbwBJ1YpYf6sbIlDZqpvycyLLQei8h2CmyGetGbiv95ndT0r4OMySQ1VJL5on7KkYnR9HvUY4oSw8eWYKKYvRWRIVaYGJtRyYbgL768TJpnrl91L+8vKrVqHkcRjuAYTsGHK6jBHdShAQQEPMMrvDnKeXHenY95a8HJZw7hD5zPHyXgj04=</latexit>

t3.gB

<latexit sha1_base64="HKPvR6x7aMGwdQ1eWwVq9cHzTJI=">AAAB8HicbVC7SgNBFL0bXzG+NtppMxgEq7ArGC2DNpYRzEOSZZmdzCZDZmeXmVkhLPkEKxsLRWyt/A1bOz/E3smj0MQDFw7n3Mu99wQJZ0o7zpeVW1peWV3Lrxc2Nre2d+zibkPFqSS0TmIey1aAFeVM0LpmmtNWIimOAk6bweBy7DfvqFQsFjd6mFAvwj3BQkawNtKt9i9QGfV817dLTtmZAC0Sd0ZK1eK9/b3/8V7z7c9ONyZpRIUmHCvVdp1EexmWmhFOR4VOqmiCyQD3aNtQgSOqvGxy8AgdGaWLwliaEhpN1N8TGY6UGkaB6Yyw7qt5byz+57VTHZ57GRNJqqkg00VhypGO0fh71GWSEs2HhmAimbkVkT6WmGiTUcGE4M6/vEgaJ2W3Uj69NmlUYIo8HMAhHIMLZ1CFK6hBHQhE8ABP8GxJ69F6sV6nrTlrNrMHf2C9/QDHX5K+</latexit>

tB .g1
<latexit sha1_base64="HKPvR6x7aMGwdQ1eWwVq9cHzTJI=">AAAB8HicbVC7SgNBFL0bXzG+NtppMxgEq7ArGC2DNpYRzEOSZZmdzCZDZmeXmVkhLPkEKxsLRWyt/A1bOz/E3smj0MQDFw7n3Mu99wQJZ0o7zpeVW1peWV3Lrxc2Nre2d+zibkPFqSS0TmIey1aAFeVM0LpmmtNWIimOAk6bweBy7DfvqFQsFjd6mFAvwj3BQkawNtKt9i9QGfV817dLTtmZAC0Sd0ZK1eK9/b3/8V7z7c9ONyZpRIUmHCvVdp1EexmWmhFOR4VOqmiCyQD3aNtQgSOqvGxy8AgdGaWLwliaEhpN1N8TGY6UGkaB6Yyw7qt5byz+57VTHZ57GRNJqqkg00VhypGO0fh71GWSEs2HhmAimbkVkT6WmGiTUcGE4M6/vEgaJ2W3Uj69NmlUYIo8HMAhHIMLZ1CFK6hBHQhE8ABP8GxJ69F6sV6nrTlrNrMHf2C9/QDHX5K+</latexit>

tB .g1
<latexit sha1_base64="AwEKnKjFKqnAbs0sRGd+VK9lEWo=">AAAB8HicbVBNSwMxEM3Wr1q/qh69BIvgadktWj0WvXisYD+kXZZsmm1Dk+ySzAql9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5USq4Ac/7dgpr6xubW8Xt0s7u3v5B+fCoZZJMU9akiUh0JyKGCa5YEzgI1kk1IzISrB2Nbmd++4lpwxP1AOOUBZIMFI85JWClRwhvsIsHYTUsVzzXmwOvEj8nFZSjEZa/ev2EZpIpoIIY0/W9FIIJ0cCpYNNSLzMsJXREBqxrqSKSmWAyP3iKz6zSx3GibSnAc/X3xIRIY8Yysp2SwNAsezPxP6+bQXwdTLhKM2CKLhbFmcCQ4Nn3uM81oyDGlhCqub0V0yHRhILNqGRD8JdfXiWtquvX3Mv7i0q9lsdRRCfoFJ0jH12hOrpDDdREFEn0jF7Rm6OdF+fd+Vi0Fpx85hj9gfP5AyS2j00=</latexit>

tB .g2
<latexit sha1_base64="AwEKnKjFKqnAbs0sRGd+VK9lEWo=">AAAB8HicbVBNSwMxEM3Wr1q/qh69BIvgadktWj0WvXisYD+kXZZsmm1Dk+ySzAql9Fd48aCIV3+ON/+NabsHbX0w8Hhvhpl5USq4Ac/7dgpr6xubW8Xt0s7u3v5B+fCoZZJMU9akiUh0JyKGCa5YEzgI1kk1IzISrB2Nbmd++4lpwxP1AOOUBZIMFI85JWClRwhvsIsHYTUsVzzXmwOvEj8nFZSjEZa/ev2EZpIpoIIY0/W9FIIJ0cCpYNNSLzMsJXREBqxrqSKSmWAyP3iKz6zSx3GibSnAc/X3xIRIY8Yysp2SwNAsezPxP6+bQXwdTLhKM2CKLhbFmcCQ4Nn3uM81oyDGlhCqub0V0yHRhILNqGRD8JdfXiWtquvX3Mv7i0q9lsdRRCfoFJ0jH12hOrpDDdREFEn0jF7Rm6OdF+fd+Vi0Fpx85hj9gfP5AyS2j00=</latexit>

tB .g2
<latexit sha1_base64="ovzL5Hdq4nV0rmiLcoN6G8iIf3M=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgadn1ET0GvXiMYB6SLMvsZJIMmZldZmaFsOQrvHhQxKuf482/cZLsQRMLGoqqbrq7ooQzbTzv2ymsrK6tbxQ3S1vbO7t75f2Dpo5TRWiDxDxW7QhrypmkDcMMp+1EUSwiTlvR6Hbqt56o0iyWD2ac0EDggWR9RrCx0qMJb5CLBuF5WK54rjcDWiZ+TiqQox6Wv7q9mKSCSkM41rrje4kJMqwMI5xOSt1U0wSTER7QjqUSC6qDbHbwBJ1YpYf6sbIlDZqpvycyLLQei8h2CmyGetGbiv95ndT0r4OMySQ1VJL5on7KkYnR9HvUY4oSw8eWYKKYvRWRIVaYGJtRyYbgL768TJpnrl91L+8vKrVqHkcRjuAYTsGHK6jBHdShAQQEPMMrvDnKeXHenY95a8HJZw7hD5zPHyY6j04=</latexit>

tB .g3
<latexit sha1_base64="ovzL5Hdq4nV0rmiLcoN6G8iIf3M=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgadn1ET0GvXiMYB6SLMvsZJIMmZldZmaFsOQrvHhQxKuf482/cZLsQRMLGoqqbrq7ooQzbTzv2ymsrK6tbxQ3S1vbO7t75f2Dpo5TRWiDxDxW7QhrypmkDcMMp+1EUSwiTlvR6Hbqt56o0iyWD2ac0EDggWR9RrCx0qMJb5CLBuF5WK54rjcDWiZ+TiqQox6Wv7q9mKSCSkM41rrje4kJMqwMI5xOSt1U0wSTER7QjqUSC6qDbHbwBJ1YpYf6sbIlDZqpvycyLLQei8h2CmyGetGbiv95ndT0r4OMySQ1VJL5on7KkYnR9HvUY4oSw8eWYKKYvRWRIVaYGJtRyYbgL768TJpnrl91L+8vKrVqHkcRjuAYTsGHK6jBHdShAQQEPMMrvDnKeXHenY95a8HJZw7hD5zPHyY6j04=</latexit>

tB .g3
<latexit sha1_base64="at9KFGbLFd43LtcLaCKoYXLGIGU=">AAAB8HicbVC7SgNBFJ31GeNro502g0GwWnYFo2WIjWUE85BkWWYns8mQ2dll5q4QQj7BysZCEVsrf8PWzg+xd/IoNPHAhcM593LvPWEquAbX/bKWlldW19ZzG/nNre2dXbuwV9dJpiir0UQkqhkSzQSXrAYcBGumipE4FKwR9i/HfuOOKc0TeQODlPkx6UoecUrASLcQVLCDu0ElsIuu406AF4k3I8Vy4d7+Pvh4rwb2Z7uT0CxmEqggWrc8NwV/SBRwKtgo3840Swntky5rGSpJzLQ/nBw8wsdG6eAoUaYk4In6e2JIYq0HcWg6YwI9Pe+Nxf+8VgbRhT/kMs2ASTpdFGUCQ4LH3+MOV4yCGBhCqOLmVkx7RBEKJqO8CcGbf3mR1E8dr+ScXZs0SmiKHDpER+gEeegcldEVqqIaoihGD+gJPVvKerRerNdp65I1m9lHf2C9/QDhI5LP</latexit>

tB .gB
<latexit sha1_base64="at9KFGbLFd43LtcLaCKoYXLGIGU=">AAAB8HicbVC7SgNBFJ31GeNro502g0GwWnYFo2WIjWUE85BkWWYns8mQ2dll5q4QQj7BysZCEVsrf8PWzg+xd/IoNPHAhcM593LvPWEquAbX/bKWlldW19ZzG/nNre2dXbuwV9dJpiir0UQkqhkSzQSXrAYcBGumipE4FKwR9i/HfuOOKc0TeQODlPkx6UoecUrASLcQVLCDu0ElsIuu406AF4k3I8Vy4d7+Pvh4rwb2Z7uT0CxmEqggWrc8NwV/SBRwKtgo3840Swntky5rGSpJzLQ/nBw8wsdG6eAoUaYk4In6e2JIYq0HcWg6YwI9Pe+Nxf+8VgbRhT/kMs2ASTpdFGUCQ4LH3+MOV4yCGBhCqOLmVkx7RBEKJqO8CcGbf3mR1E8dr+ScXZs0SmiKHDpER+gEeegcldEVqqIaoihGD+gJPVvKerRerNdp65I1m9lHf2C9/QDhI5LP</latexit>

tB .gB

<latexit sha1_base64="omp5bO3AcxYNy1cgXbTIcoTIEvo=">AAAB8HicbVC7SgNBFJ31GeNro502g0GwWnYFo2XAxjKCeUiyLLOT2WTIzO4yc1cISz7BysZCEVsrf8PWzg+xd/IoNPHAhcM593LvPWEquAbX/bKWlldW19YLG8XNre2dXbu019BJpiir00QkqhUSzQSPWR04CNZKFSMyFKwZDi7HfvOOKc2T+AaGKfMl6cU84pSAkW4h8LCDe4EX2GXXcSfAi8SbkXK1dG9/H3y81wL7s9NNaCZZDFQQrduem4KfEwWcCjYqdjLNUkIHpMfahsZEMu3nk4NH+NgoXRwlylQMeKL+nsiJ1HooQ9MpCfT1vDcW//PaGUQXfs7jNAMW0+miKBMYEjz+Hne5YhTE0BBCFTe3YtonilAwGRVNCN78y4ukcep4Fefs2qRRQVMU0CE6QifIQ+eoiq5QDdURRRI9oCf0bCnr0XqxXqetS9ZsZh/9gfX2A601kq0=</latexit>

t1.g1
<latexit sha1_base64="omp5bO3AcxYNy1cgXbTIcoTIEvo=">AAAB8HicbVC7SgNBFJ31GeNro502g0GwWnYFo2XAxjKCeUiyLLOT2WTIzO4yc1cISz7BysZCEVsrf8PWzg+xd/IoNPHAhcM593LvPWEquAbX/bKWlldW19YLG8XNre2dXbu019BJpiir00QkqhUSzQSPWR04CNZKFSMyFKwZDi7HfvOOKc2T+AaGKfMl6cU84pSAkW4h8LCDe4EX2GXXcSfAi8SbkXK1dG9/H3y81wL7s9NNaCZZDFQQrduem4KfEwWcCjYqdjLNUkIHpMfahsZEMu3nk4NH+NgoXRwlylQMeKL+nsiJ1HooQ9MpCfT1vDcW//PaGUQXfs7jNAMW0+miKBMYEjz+Hne5YhTE0BBCFTe3YtonilAwGRVNCN78y4ukcep4Fefs2qRRQVMU0CE6QifIQ+eoiq5QDdURRRI9oCf0bCnr0XqxXqetS9ZsZh/9gfX2A601kq0=</latexit>

t1.g1

…

…

…

…

P
o
o
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g

…
<latexit sha1_base64="4A5YB9ogrUVZwDngVvemuif513g=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw6Dn9coVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxby04+cwh/IHz+QP0+42Z</latexit>g1

<latexit sha1_base64="a8iLDZqnl0ofVlrlxAVZcmfIotw=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNnJ7GbI7Owy0yuEkE/w4kERr36RN//GSbIHTSxoKKq66e4KUikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJsk04w2WyES3A2q4FIo3UKDk7VRzGgeSt4Lh7dRvPXFtRKIecZRyP6aREqFgFK30EPWqvVLZrbgzkGXi5aQMOeq90le3n7As5gqZpMZ0PDdFf0w1Cib5pNjNDE8pG9KIdyxVNObGH89OnZBTq/RJmGhbCslM/T0xprExoziwnTHFgVn0puJ/XifD8NofC5VmyBWbLwozSTAh079JX2jOUI4soUwLeythA6opQ5tO0YbgLb68TJrVindZubg/L9du8jgKcAwncAYeXEEN7qAODWAQwTO8wpsjnRfn3fmYt644+cwR/IHz+QP2f42a</latexit>g2

…

<latexit sha1_base64="jST39MVRFa1sGe7DDlP7J2eGa0c=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2OIF48RzQOSJcxOejdDZmeXmVkhhHyCFw+KePWLvPk3TpI9aLSgoajqprsrSAXXxnW/nMLK6tr6RnGztLW9s7tX3j9o6SRTDJssEYnqBFSj4BKbhhuBnVQhjQOB7WB0M/Pbj6g0T+SDGafoxzSSPOSMGivdR/16v1xxq+4c5C/xclKBHI1++bM3SFgWozRMUK27npsaf0KV4UzgtNTLNKaUjWiEXUsljVH7k/mpU3JilQEJE2VLGjJXf05MaKz1OA5sZ0zNUC97M/E/r5uZ8NqfcJlmBiVbLAozQUxCZn+TAVfIjBhbQpni9lbChlRRZmw6JRuCt/zyX9I6q3qX1Yu780qtnsdRhCM4hlPw4ApqcAsNaAKDCJ7gBV4d4Tw7b877orXg5DOH8AvOxzcOzo2q</latexit>gB

<latexit sha1_base64="72oNKbybjP1FCAzIrExVLH4geVg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSA/a8XrniVt0ZyDLxclKBHPVe+avbj1kacYVMUmM6npugn1GNgkk+KXVTwxPKRnTAO5YqGnHjZ7NTJ+TEKn0SxtqWQjJTf09kNDJmHAW2M6I4NIveVPzP66QYXvuZUEmKXLH5ojCVBGMy/Zv0heYM5dgSyrSwtxI2pJoytOmUbAje4svLpHlW9S6rF/fnldpNHkcRjuAYTsGDK6jBHdShAQwG8Ayv8OZI58V5dz7mrQUnnzmEP3A+fwAI2I2m</latexit>

t1

<latexit sha1_base64="1XTiObhkzsIsg7AxRkwnZ/LqFY4=">AAAB63icbVDLSsNAFL2pr1pfVZduBovgqiTF17LoxmUF+4A2lMl00g6dmYSZiVBCf8GNC0Xc+kPu/BsnaRbaeuDC4Zx7ufeeIOZMG9f9dkpr6xubW+Xtys7u3v5B9fCoo6NEEdomEY9UL8CaciZp2zDDaS9WFIuA024wvcv87hNVmkXy0cxi6gs8lixkBJtcGjYqw2rNrbs50CrxClKDAq1h9WswikgiqDSEY637nhsbP8XKMMLpvDJINI0xmeIx7VsqsaDaT/Nb5+jMKiMURsqWNChXf0+kWGg9E4HtFNhM9LKXif95/cSEN37KZJwYKsliUZhwZCKUPY5GTFFi+MwSTBSztyIywQoTY+PJQvCWX14lnUbdu6pfPlzUmrdFHGU4gVM4Bw+uoQn30II2EJjAM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AT9xjbs=</latexit>

t2

…

<latexit sha1_base64="2U7YXkjnWZEama7Mh16gLE8eK9M=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2OIF48RzQOSJcxOZpMhs7PLTK8QlnyCFw+KePWLvPk3TpI9aLSgoajqprsrSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfjm5nffuTaiFg94CThfkSHSoSCUbTSPfbr/XLFrbpzkL/Ey0kFcjT65c/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZITqwxIGGtbCslc/TmR0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy//Ja2zqndZvbg7r9TqeRxFOIJjOAUPrqAGt9CAJjAYwhO8wKsjnWfnzXlftBacfOYQfsH5+AYinI23</latexit>

tB
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Fig. 1. Framework of GeomCLIP: A dual-encoder pre-training scheme for 3D geometric molecules and their text observations.

retrieval, and 3D molecule captioning.

II. RELATED WORK

A. Molecule Representation Learning

Molecular representation learning plays a crucial role in
fields such as drug discovery [41] and material design [34].
In particular, self-supervised pretraining approaches applied
to molecular data have exhibited promising performance
without the need for labels. Some works focus on 1D
SMILES strings [16] and 2D molecular graphs [47], leveraging
sequence-based or graph-based pretraining methods to learn
molecular representations effectively. However, they overlook
the 3D geometric structure of molecules, which is vital since
the physical and chemical properties of the molecule are
significantly influenced by its 3D geometry [15, 39]. Thus,
recent research focuses on learning representations from 3D
geometric graphs through self-supervised methods [9, 24, 52].
Different from these studies, which neglect the semantic text
information of molecules. Our work aims to enhance geometry
representation of molecules by using textual descriptions.

B. Text-Molecule Multi-modal Learning

It has been broadly studied how to learn better image [35],
video [27], and audio [11] representations by incorporating
text supervision [35]. Since natural language enables nuanced
expression of molecular characteristics, substructures, and
biomedical understanding, multi-modal representation learn-
ing on molecule and biomedical text has recently attracted
considerable attention [7, 20, 23, 26, 45]. Existing works for
multi-modal learning on molecules in two ways: (1) Sequence-
based methods model molecules on 1D sequences [6, 25, 33];
(2) Graph-based methods seek to capture 2D structures in
molecules [7, 26, 29, 45, 49, 50]. However, these two lines
of work investigate the effect of 3D geometric structures less.
Concurrent to our work, [18, 46] leverage 3D information to
help multi-modal learning. However, the 3D positions serve
only as auxiliary information and cannot be used for super-
vision during alignment. Furthermore, they rely directly on
RDKit [17] to generate 3D geometries from SMILES, which
can be inaccurate and introduce significant noise [56, 57]. Con-
sequently, their performance is suboptimal, as demonstrated in
our experiments. In contrast, our work pioneers the creation
of a dataset PubChem3D, comprising pairs of ground-state

geometric structures and biomedical texts, and enhances the
geometric representation learning of molecules through text.

III. METHODS

A. Dataset Construction–PubChem3D

3D Geometry collection. To build our dataset, we consider
two large databases containing ground-state geometries ob-
tained by DFT computations. The first is PubChemQC [30],
which contains over 3.9 million molecules, including their
molecular graphs and ground-state 3D geometries. Further-
more, we also consider GEOM [1], a database of high-quality
geometries for 430,000 molecules. Each molecule in GEOM
has multiple geometric structures. As the top-10 conformers
are sufficient to cover most conformers with an equilibrium
state, we sample the top-10 geometry structures for each
molecule with the highest possibility and lowest energy. We
merge these two databases and extract the IUPAC International
Chemical Identifier (InChI) [12] for each molecule.
Text annotation collection. Based on the 3D geometries
collected, we aim to gather their text annotations. Manual
annotation of molecules is costly due to its complexity. Hence,
we turn to PubChem [13], a freely accessible and essen-
tial resource for chemical research, for comprehensive and
authoritative molecular text annotations. PubChem contains
text descriptions for many molecules, submitted by various
research institutions. Using the InChI as a unique identifier,
we retrieve text descriptions from PubChem for each geometry
structure collected. The text annotations include descriptions
related to properties or 3D geometry information. For instance,
in molecule with CID 444795: “The molecule is a retinoic
acid in which all four exocyclic double bonds have E- (trans-
) geometry”, and (2) In molecule with CID 5375200:” The
molecule is an abscisic acid in which the two acyclic double
bonds both have trans-geometry”.
Final dataset. The final dataset PubChem3D contains
203,257 geometry-text pairs, in which 70,981 and
132,276 ground-state geometries come from PubChemQC
and GEOM, respectively. We counted the types of molecular
descriptions in the collected dataset, such as toxicity, solubility,
and color in Table I, which shows the diversity of texts.



TABLE I
DATA VOLUME, AVERAGE NUMBER OF ATOMS, AND WORD COUNTS OF

SOURCE DATASETS

Data Source Quantity Average Heavy Atoms Average Words

PubChemQC 70981 13.79 68.54

GEOM-Drug 132276 25.58 31.81

GEOM-QM9 133885 8.80 —

PubChem3D 203257 21.46 44.64

B. Joint Modeling of Geometries and Texts

Modality Alignment Task. Our work introduces a simple
geometry-text pretraining approach, GeomCLIP, which en-
ables advanced cross-modal representation. The alignment
objective is inspired by the fact that both the semantic text
representation and the 3D geometric representation of the
same molecule should be as close to one another as possible.
We align the embedding of corresponding geometry-text pairs
while distancing other pairs in the same batch:

Lcon = −
1

|B|

∑
(gi,ti)∈B

log NCE(gi, ti) + logNCE(ti, gi), (1)

Where B represents the batch of geometry-text pairs,
NCE(gi, ti) and NCE(ti, gi) denote the contrastive losses
for geometry-to-text and text-to-geometry similarities, respec-
tively. gi and ti are the representations from the geomet-
ric encoder fθ and the text encoder fϕ, detailed in Ap-
pendix III-C, respectively. The geometry-to-text contrastive
loss, NCE(gi, ti), describes the likelihood of correctly ranking
the molecules given its text.

NCE(gi, ti) = log
exp(cos(gi, ti)/τ)∑|B|
j=1 exp(cos(gi, tj)/τ)

, (2)

where τ is temperature and ti represents positive text embed-
dings that overlap with 3D geometry embedding. tj is negative
text embedding implicitly formed by other text embeddings in
the batch. A symmetric equivalent, text-geometry contrastive
loss NCE(ti, gi) can be similarly calculated.
Denoising Pretaining Task. To preserve the unimodal infor-
mation of 3D molecules when injecting the cross-modality
information from biomedical texts, we incorporate a denoising
pretraining task on geometric encoder that enables the model
to effectively capture 3D structural information during align-
ment. Specifically, given an input 3D molecule G, we perturb
it by adding i.i.d. Gaussian noise to its atomic positions pi and
masking atoms, resulting in a noisy version of the molecule:

G̃ = {(p̃1,x1) . . . , (p̃N ,xN )} , (3)

where p̃i = pi + σϵi and ϵi ∼ N (0, I),

where noise σ = 1. We also randomly mask 15% of the atoms
in the molecule [59]. We denote the raw masked molecule and
the noised complementary molecule by G[m] and G̃[1 −m],
respectively, where m is the binary index of the masked atoms.
The task is formulated as a denoising autoencoder to predict
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Fig. 2. GeomCLIP can perform different downstream tasks: (a) molecular
property prediction, where GeomCLIP is fine-tuned to predict properties of
molecules. (b) Pretrained geometric and text encoders can perform zero-
shot molecule-text retrieval without any annotations. (c) Molecule captioning,
where we integrate GeomCLIP’s aligned molecule representation with the
MolT5 pretrained text decoder through optimizing predictor.

noised coordinates and types of masked atoms:

Ldenoising =

|D|∑
i=1

∥fψ(g̃i)−Gi[m]∥2, (4)

g̃i = fθ(G̃i[1 −m]) is the representation of noised comple-
mentary molecule, and fψ is the decoder proposed in [59].
Overall Objective: To promote representation alignment
and maintain the capacity to capture geometric information,
GeomCLIP simultaneously minimizes two losses:

LGeomCLIP = Lcon + αLmask, (5)

where α is the loss weighting hyperparameter.

C. Model Architecture

3D Molecular Encoder. The 3D molecular encoder fθ in
GeomCLIP draws inspiration from recent advancements in
transformer-based models for encoding geometry information,
as demonstrated in works [28, 59]. In this work, we employ
Uni-Mol1 [59] as our 3D molecular encoder, which is a
transformer-based model with two inputs, atom types and atom
3D coordinates. The atom representation is initialized from
atom types, by the embedding layer, and the representation for
each pair of atoms is initialized using invariant spatial posi-
tional encoding from 3D coordinates. Then, the representations
of atoms and atom pairs communicate with each other in the
self-attention module. Formally, Uni-Mol fgeom performs 3D
encoding steps to obtain sequential atomic representations:

[z1,z2, . . . ,zN ] = fgeom(G), (6)

z = pooling([z1,z2, . . . , zN ]), (7)

1https://github.com/dptech-corp/Uni-Mol/tree/main/unimol



TABLE II
RESULTS ON 12 QUANTUM MECHANICS PREDICTION TASKS FROM QM9 AND THE BEST RESULTS ARE MARKED IN BOLD.

Model α ↓ ∇E ↓ EHOMO ↓ ELUMO ↓ µ ↓ Cv ↓ G ↓ H ↓ R2 ↓ U ↓ U0 ↓ ZPVE ↓
3D InfoMax 0.057 42.09 25.90 21.60 0.028 0.030 13.73 13.62 0.141 13.81 13.30 1.670
GraphMVP 0.056 41.99 25.75 21.58 0.027 0.029 13.43 13.31 0.136 13.03 13.07 1.609
MoleculeSDE 0.054 41.77 25.74 21.41 0.026 0.028 13.07 12.05 0.151 12.54 12.04 1.587
MoleculeJAE 0.056 42.73 25.95 21.55 0.027 0.029 11.22 10.70 0.141 10.81 10.70 1.559
3D-MoLM 0.055 42.53 24.76 21.39 0.023 0.026 12.51 11.55 0.135 10.78 11.22 1.468
Uni-Mol 0.051 41.01 23.31 20.75 0.016 0.023 9.52 8.73 0.128 9.77 9.65 1.345

GeomCLIP 0.048 39.52 22.78 19.61 0.016 0.022 8.61 7.49 0.118 8.27 8.19 1.209

TABLE III
MOLECULE-TEXT RETRIEVAL PERFORMANCES (%). † DENOTES

METHOD WHICH IS ALSO PRETAINED ON OUR PUBCHEM3D.

Molecule2Text Text2Molecule

Model Acc R@20 Acc R@20

KV-PLM 35.12 78.91 36.33 74.71

MoMu 37.43 79.71 37.95 75.36
Text2Mol 38.27 79.52 38.96 77.27
MoleculeSTM 40.58 80.33 42.61 78.39
MolCA 47.71 82.47 42.71 80.73
MolCA† 49.96 83.61 44.35 81.71
3D-MoLM 50.92 81.34 43.15 80.25
3D-MoLM† 51.52 83.95 45.33 82.18

GeomCLIP 53.50 85.53 48.71 83.50

where zi corresponds to the representation of the i-th atom
and we conduct a mean pooling operation to get the global
representation of the molecule. We then use a projection
MLP layer to map from the encoder’s representation to the
multimodal embedding space: g = fproj(z). The predictor
customizes molecular representation for distinct pretraining
tasks while sharing the previous backbone encoder, and acts
as a natural task-specific adapter. The whole process can
also be expressed as g = fθ(G) signifying the outcome of
the encoding operation within the input 3D geometric graph.
Biomedical Text Encoder. The text encoder’s foundation is
rooted in the recent advances of transformer-based models to
encode scientific textual descriptions into latent spaces. To
inject potentially useful scientific knowledge from the litera-
ture into the text encoder, we initialize it with the Sci-BERT’s
checkpoint2 [2] at denoted as ftext(T ), which is a transformer-
based encoder pretrained on scientific publications. We utilize
the pooling representation of the [CLS] token in Sci-BERT
as whole text representations: tCLS = ftext(T )[CLS]. Similar
to molecule, we also introduce an additional MLP predictor to
map the text representation to multimodal space: The encoding
process can also be expressed as t = fϕ(T ).

IV. RESULTS AND DISCUSSION

We evaluate GeomCLIP on three downstream tasks: prop-
erty prediction, text-molecule retrieval, and molecule caption-
ing. Figure 2 illustrates how GeomCLIP perform these tasks.

2https://huggingface.co/allenai/scibert scivocab uncased

TABLE IV
MOLECULE CAPTIONING RESULTS ON PUBCHEM3D DATASET. FOR ALL

METHODS, WE UTILIZE THE DECODER OF MOLT5-LARGE.
Model BLEU-2 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L

MolT5 26.71 18.34 35.25 16.91 25.37

MoMu 27.81 19.61 35.92 17.33 26.51
MolCA 28.02 20.68 35.73 18.06 27.70
3D-MoLM 28.71 22.19 36.83 19.86 28.75

GeomCLIP 31.18 22.97 38.05 23.65 32.05

A. Implementation Details

The pretraining experiments are conducted on four NVIDIA
A100 GPUs and downstream experiments are conducted on a
single NVIDIA A100 GPU. For all methods, the batch size
is 64 per GPU and the gradients are accumulated for 4 steps
before updating, and the representation dimension is set to
512. The learning rate is set to 0.0001 with a warm-up for the
first 1,000 steps and a linear decay for the remaining steps.
We use Adam [14] optimizer for optimization, and the weight
decay is set to 0.05. The parameters for Uni-mol are directly
borrowed from [59]. A small grid search is used to select
the best hyperparameter for all methods. For our GeomCLIP,
we set temperature τ = 0.1 and search α from {0.2, 0.4, 0.6,
0.8, 1.0}. We select the best configuration of hyper-parameters
based using the validation set.

B. molecular property Prediction

We adopt the popular dataset: QM9 [36], which is a dataset
of 134K molecules consisting of 9 heavy atoms, and the 12
tasks are related to quantum properties. We follow the official
splits [48] and take 110K for training, 10K for validation, and
11K for testing. The metric is the mean absolute error (MAE).
Baselines. We consider the following baselines: 3D Info-
Max [43], GraphMVP [24], MoleculeSDE [21], Molecule-
JAE [3], Uni-Mol [59] and 3D-MoLM [18].
Results. As shown in Table II, GeomCLIP consistently out-
performs all baselines on 12 tasks. This highlights the im-
portance of 3D information for molecular property prediction
and confirms GeomCLIP’s superior capability in learning 3D
molecular representations. Notably, GeomCLIP shows signifi-
cant improvements over Uni-Mol and 3D-MoLM, demonstrat-
ing the advantages of integrating ground-state 3D geometrics
with their textual descriptions for property prediction.

C. Zero-shot Molecule-Text Retrieval
With molecule-text aligned representation space,

GeomCLIP allows for the retrieval of molecules using



TABLE V
MORE CASES OF MOLECULE CAPTIONING AND CORRECTLY HIGHLIGHTED TEXTS ARE SHOWN IN RED. WE OBSERVE THAT GEOMCLIP IS ABLE TO

RECOGNIZE THE GENERAL CLASS OF MOLECULE IT IS ANALYZING AND IDENTIFY ITS FUNCTIONAL RELATIONS.
Molecule Ground Truth MolT5 GeomCLIP

The molecule is a pyrimidone
that is thymine in which
the hydrogen at position
6 is substituted by a 1,3-
dihydroxyisobutyl group. It
is functionally related to a
thymine.

The molecule is a pyrimidone
that is thymine in which the hy-
drogen is replaced by a hydroxy
group at the 5-position. It is
functionally related to a uracil.

The molecule is a pyrimidone
that is thymine in which
the hydrogen at position
4 is replaced by a 1,3-
dihydroxyacetone group. It
is functionally related to a
thymine.

The molecule is an alpha-amino
acid that is cyclohexanecar-
boxylic acid substituted by an
amino group at position 1. It is
functionally related to a cyclo-
hexanecarboxylic acid.

The molecule is a non-
proteinogenic alpha-amino acid
that is serine in which the
alcoholic hydroxy group has
been formally oxidised to the
corresponding formyl group. It
is a non-proteinogenic alpha-
amino acid and an alanine
derivative.

The molecule is a non-
proteinogenic alpha-
amino acid that is that is
cyclohexanecarboxylic acid
substituted by an amino group
at position 1. It is a non-
proteinogenic alpha-amino acid
and an alanine derivative. It
is functionally related to a
cyclohexanecarboxylic acid.

texts or vice versa. We evaluate GeomCLIP’s performance
in molecule-text retrieval on PubChem3D. We randomly
select two subsets of 1, 500 pairs each for validation and
testing. We measure retrieval performance using Accuracy
and Recall@20 across the entire test set.

Baseline. We compare GeomCLIP with recent baselines:
MoleculeSTM [23], MoMu [45], KV-PLM [58], Text2Mol [7],
MolCA [26], and 3D-MoLM [18].
Results. The results in Table III reveal that GeomCLIP signif-
icantly outperforms existing baselines, including 1D SMILES-
text models (e.g., KV-PLM) and 2D graph-text models (e.g.,
MoleculeSTM and MolCA). This underscores the advantage
of incorporating 3D geometry in aligning the semantic spaces
of molecules and texts. Furthermore, GeomCLIP exceeds the
performance of 3D-MoLM, showcasing its ability to extract
molecular features closely related to textual descriptions. The
superior performance of GeomCLIP can be partially credited
to our curated PubChem3D dataset, consisting of high-quality
ground-state geometries. This is evidenced by 3D-MoLM†

improved performance when retrained on PubChem3D, com-
pared to it using unreal 3D geometries generated by RdKit.

D. Molecule Captioning
Essentially, GeomCLIP transforms 3D molecule presenta-

tion into underlying text space, thereby enabling it to perform
a molecule-to-text generation task. Inspired by image caption-
ing, which integrates CLIP’s pre-trained image embeddings
with GPT-2 pre-trained text generation model through a learn-
able mapping network. We adopt a similar strategy as shown
in Figure 2, to facilitate integration with the MolT5’s [6] pre-
trained molecule-to-text decoder, we optimize our predictor
fθ with next-token prediction loss. This approach lets us
leverage the existing pre-trained decoder without the need for
training from scratch. We use BLEU [31] and ROUGE [19]
as evaluation metrics.
Baselines. We compare with MolT5 [6], MoMu [45],
Molca [26] and 3D-MoLM [18].
Results. Table IV shows that our GeomCLIP consistently

outperforms the baselines by a large margin. Specifically, it
achieves improvements of up to 2.47 and 3.79 points compared
to 3D-MoLM in BLEU-2 and ROUGE-2, respectively. This
showcases the effectiveness of 3D molecule-text alignment
training in connecting 3D molecular representations with
the input space of language models. Table V shows several
molecule captioning examples of different models’ outputs.
We can observe that using our GeomCLIP as encoder leads
to more accurate descriptions of molecule structures compared
to baseline MolT5.

V. CONCLUSION

GeomCLIP introduces a novel pre-training strategy that
effectively combines 3D geometric information of molecules
with textual descriptions, addressing the issue that corre-
sponding texts are usually overlooked in current molecu-
lar representation learning methods. Also, by leveraging a
contrastive learning approach and a denoising pre-training
strategy, GeomCLIP-induced geometric encoder has been ver-
ified to be effective across multiple downstream applications,
including property prediction, molecule-text retrieval, and
molecule captioning. The creation of the new PubChem3D
dataset which aligns geometric representations with their di-
verse descriptions enriches the resources that researchers can
use, thus promoting future study.
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[38] K. Schütt, O. Unke, and M. Gastegger, “Equivariant
message passing for the prediction of tensorial properties
and molecular spectra,” in ICML. PMLR, 2021, pp.
9377–9388.
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