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Abstract001

Conventional Euclidean geometries lead to002
structural distortion and entangle core pharma-003
cophoric identities with peripheral groups. Ex-004
isting molecule-language models, relying on005
linear or uniform encodings, often obscure the006
hierarchical organization of chemical seman-007
tics. To address this, we propose Geometric-008
Language Alignment (GLA), a framework inte-009
grating intrinsic molecular topology into large010
language models. GLA employs a mixed-011
curvature encoder that maps scaffolds to hy-012
perbolic space to capture hierarchy, while en-013
coding side-chains in Euclidean space. These014
representations are aligned with text via a dual-015
view contrastive objective and injected into a016
frozen language model. Experiments on cross-017
modal retrieval, captioning, and property pre-018
diction benchmarks show GLA consistently019
improves performance over baselines, suggest-020
ing that modeling geometric heterogeneity en-021
hances the grounding between molecular struc-022
ture and chemical language.023

1 Introduction024

Large Language Models (LLMs) drive advance-025

ments in chemistry, ranging from property pre-026

diction to de novo molecule generation (Edwards027

et al., 2022; Wang et al., 2019; Fang et al., 2024b).028

Typically, these models use linearized notations029

like SMILES within sequence modeling frame-030

works (Weininger, 1988). Although innovations031

like MM-Deacon (Guo et al., 2022) broaden se-032

mantic scope using multilingual notations (e.g.,033

SMILES and IUPAC), relying on 1D sequences034

obscures the inherent topological structure. This035

creates a semantic gap, preventing models from036

grounding chemical concepts in accurate structural037

representations.038

To bridge this gap, recent work enhances LLM039

reasoning using external knowledge. For instance,040

MolRAG (Xian et al., 2025) improves property041

prediction by retrieving structurally analogous042

molecules, while MolTC (Fang et al., 2024a) inte- 043

grates graph information for interaction modeling. 044

Despite these strides, a challenge remains: flatten- 045

ing a molecule or treating it as a monolithic graph 046

blurs the distinction between scaffolds and func- 047

tional groups. As noted by the Molecular Structural 048

Reasoning (MSR) framework (Jang et al., 2025), 049

LLMs consequently struggle to reason about prop- 050

erties dependent on specific functional groups. 051

The root of this issue lies in the geometric en- 052

coding limitations of standard encoders. Molecules 053

are structurally heterogeneous, combining hierar- 054

chical scaffolds with dense functional groups. Stan- 055

dard graph neural networks compress these diverse 056

topologies into uniform Euclidean space, entan- 057

gling global hierarchy with local detail. This “ge- 058

ometric homogenization” erodes semantic separa- 059

bility, confusing pharmacophoric cores with pe- 060

ripheral modifiers. Capturing these nuances is vi- 061

tal, as local substructures often dictate functional- 062

ity (Wu et al., 2023). Existing frameworks com- 063

pound this by prioritizing coarse-grained global 064

alignment. Models such as MoMu (Su et al., 2022), 065

MoleculeSTM (Liu et al., 2023a), and MolCA (Liu 066

et al., 2023c) map whole-graph representations to 067

complete texts. While effective for retrieval, this 068

overlooks granular relationships between specific 069

motifs and text phrases. 070

To address these limitations, we propose 071

Geometric-Language Alignment (GLA). This 072

framework aligns hierarchical molecular structures 073

with structured semantic representations. Our con- 074

tributions are summarized as follows: 075

• We introduce a Mixed-Curvature Geometric 076

Encoder that disentangles molecular topol- 077

ogy. By mapping hierarchical scaffolds to 078

hyperbolic space and local side-chains to Eu- 079

clidean space, we effectively preserve intrinsic 080

hierarchical structures and minimize geomet- 081

ric distortion. 082
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• We propose Dual-View Contrastive Learn-083

ing for fine-grained semantic grounding. This084

aligns structural motifs with specific linguis-085

tic roles, resolving the ambiguity of coarse-086

grained global alignment through precise087

substructure-text synchronization.088

• Extensive experiments on PCDes (Zeng et al.,089

2022), ChEBI-20 (Edwards et al., 2021), and090

MoleculeNet benchmark (Wu et al., 2018)091

demonstrate state-of-the-art performance. Our092

results validate that explicitly modeling geo-093

metric hierarchy is essential on diverse tasks.094

2 Related Work095

2.1 Geometric Representations for Molecular096

Encoding097

The inductive bias of an encoder dictates its seman-098

tic capacity. Standard Euclidean Message Pass-099

ing Neural Networks (MPNNs), such as GIN and100

GCN (Hu et al., 2020; Wang et al., 2022), capture101

local atomic interactions but struggle to represent102

the hierarchical latent space of molecular scaffolds103

due to polynomial volume growth. While Hyper-104

bolic Graph Neural Networks (HGNNs) (Liu et al.,105

2019) naturally accommodate tree-like hierarchies,106

existing approaches typically impose a monolithic107

curvature. This is suboptimal for heterogeneous108

chemical structures, where rigid pharmacophoric109

trees coexist with locally dense functional groups.110

Forcing such diverse topologies into a single mani-111

fold introduces geometric distortion. Unlike gen-112

eral mixed-curvature graph approaches (Zhu et al.,113

2020), GLA explicitly synchronizes these geomet-114

ric distinctions with linguistic granularity to resolve115

this bottleneck.116

2.2 Molecule–Text Multimodal Alignment117

Molecule–text alignment has evolved from linear118

sequence modeling (Liu et al., 2023b; Jiang et al.,119

2024) to graph-based contrastive learning (Su et al.,120

2022; Liu et al., 2023a; Luo et al., 2023). Re-121

cent works have further expanded this to reac-122

tion contexts (Liu et al., 2024b). However, these123

paradigms remain predominantly coarse-grained124

and isotropic, mapping entire molecular graphs to125

complete textual descriptions. This global pooling126

obscures the compositional nature of chemical lan-127

guage, where specific functional groups modulate a128

central scaffold. While recent efforts attempt local129

alignment via optimal transport or clustering (Min130

et al., 2024; Zhang et al., 2025), they lack explicit131

Figure 1: Expert Gating Distribution on ogbg-
molclintox. The boxplot visualizes the attention
weights across different curvature experts for scaffolds
and side-chains. The model predominantly routes hierar-
chical scaffolds to the high-curvature hyperbolic expert
(k = −1.5), while showing an increased preference for
Euclidean geometry (k = 0) in local side-chain compo-
nents.

geometric grounding. GLA addresses this by em- 132

ploying dual-view contrastive learning to align spe- 133

cific structural regions with their corresponding 134

semantic roles. 135

2.3 Structural Injection into Scientific 136

Language Models 137

Recent advancements utilize instruction tuning to 138

adapt LLMs for scientific optimization (Dey et al., 139

2025; Pei et al., 2024). However, architectures 140

like InstructMol (Cao et al., 2025) act as passive 141

feature bridges, projecting monolithic embeddings 142

into the LLM. This obscures structural hierarchies, 143

preventing differential attention to scaffolds versus 144

side-chains. In contrast, GLA injects geometri- 145

cally disentangled representations. By dynami- 146

cally routing features into hyperbolic or Euclidean 147

spaces, our framework provides latent structural 148

priors and distinct inductive biases, enabling fine- 149

grained alignment between hierarchical motifs and 150

chemical text. 151

3 Methodology 152

To bridge the semantic gap between linearized 153

chemical language and hierarchical molecular 154

topology, we propose GLA. Unlike prior ap- 155

proaches that compress heterogeneous structures 156

into a monolithic embedding, GLA explicitly 157

models the distinct geometric natures of pharma- 158

cophoric scaffolds and functional side-chains. As 159

illustrated in Figure 2, our framework operates 160

through a four-stage component: (1) decomposing 161

the graph to isolate structural roles (Section 3.1); 162

2



Figure 2: The overall architecture of GLA. The framework consists of three key phases: (1) Refined Structural
Disentanglement & Mixed-Curvature Encoding (Left): Molecular graphs are decomposed into scaffolds and
side-chains, encoded by hyperbolic and Euclidean experts respectively, and fused via a context-aware gating network.
(2) Dual-View Contrastive Alignment (Middle): A hyperbolic bridge aligns geometric summaries (Global &
Scaffold views) with textual semantics. (3) Geometry-Conditioned Generative Injection (Right): The aligned
representations serve as soft prompts injected into the frozen LLM backbone (Qwen-2.5-3B) via zero-initialized
Gated Cross-Attention layers, enabling structure-aware text generation.

(2) encoding these substructures in their native cur-163

vatures (hyperbolic vs. Euclidean) via a Mixed-164

Curvature MoE (Section 3.2); (3) synchronizing165

these geometric summaries with textual semantics166

via dual-view alignment (Section 3.3); and (4) in-167

jecting this grounded understanding into a frozen168

LLM for controllable generation (Section 3.4).169

3.1 Refined Structural Disentanglement170

Resolving the ambiguity between a molecule’s core171

identity and its peripheral modifiers requires explic-172

itly separating their structural representations. We173

address this by decomposing the molecular graph174

G = (V, E) based on medicinal chemistry princi-175

ples, rather than treating all atoms uniformly.176

We partition the node set V into a rigid scaffold177

set VS and a flexible side-chain set VC . To preserve178

the critical semantic connectivity between these179

regions (e.g., where a functional group modifies180

the core), we identify a set of Anchor Nodes:181

VA = {v ∈ VS | ∃u ∈ VC , (v, u) ∈ E} (1)182

Anchor nodes act as the structural interface, en-183

suring that the information flow between the Phar-184

macophoric Scaffold Graph (GS) and the Side-185

Chain Graph (GC) remains intact. This separation186

allows the subsequent encoder to apply distinct ge-187

ometric inductive biases to the stable core and the188

flexible substituents.189

3.2 Mixed-Curvature Hyperbolic 190

Mixture-of-Experts 191

Mixture of Experts (MoE) (Jacobs et al., 1991; 192

Shazeer et al., 2017) aims at training multiple ex- 193

perts with distinct skills, a paradigm widely em- 194

ployed to enhance model capacity. To accom- 195

modate the complex structural heterogeneity of 196

molecules, we leverage this framework to design 197

a Mixed-Curvature Mixture-of-Experts encoder. 198

Instead of constraining the representation to a sin- 199

gle geometry, we instantiate a diverse bank of 200

experts {Ek}Kk=1 that span a spectrum of curva- 201

tures. This pool implicitly includes both Euclidean 202

(κk = 0) and hyperbolic (κk < 0) components, 203

thereby endowing the model with the sufficient geo- 204

metric capacity to encapuslate disparate topological 205

properties—ranging from locally dense substruc- 206

tures to hierarchically expansive scaffolds—within 207

a unified latent space. 208

Manifold-Specific Encoding. Given node fea- 209

tures xi ∈ Rd, we map them to the corresponding 210

manifold via the exponential map expκk
0 (·). A gat- 211

ing mechanism then dynamically routes nodes to 212

specific experts for curvature-aware message pass- 213

ing. To fuse these disparate geometries, hyperbolic 214

embeddings are projected back to a shared tangent 215

space at the origin using the logarithmic map: 216

z
(k)
i = logκk

0 (GNNκk
(G,xi)) ∈ Rd (2) 217
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where z(k)i denotes the tangent-space representa-218

tion derived from the k-th expert.219

Context-Aware Expert Fusion. To determine220

the intrinsic geometric preference of each atom,221

a gating network computes soft routing weights222

conditioned on the tangent-space features via a223

learnable context vector wk:224

α
(k)
i =

exp
(
w⊤

k z
(k)
i

)
∑K

j=1 exp
(
w⊤

j z
(j)
i

) (3)225

hi =

K∑
k=1

α
(k)
i z

(k)
i (4)226

Crucially, this mechanism allows the model to227

autonomously learn geometric affinities. Rather228

than strictly regulating which geometry encodes229

which substructure, the gating network enables an230

adaptive alignment where nodes naturally gravitate231

towards the expert manifold (Euclidean or Hyper-232

bolic) that best minimizes geometric distortion for233

their specific structural context.234

3.3 Dual-View Contrastive Alignment235

Merely obtaining disentangled embeddings is in-236

sufficient; they must be grounded in the linguistic237

compositionality of chemical descriptions. We pro-238

pose a Dual-View Contrastive Alignment strategy239

to synchronize holistic molecular semantics with240

core structural semantics.241

Dual-View Geometric Projections. We con-242

struct two complementary graph-level views. The243

global embedding gglobal pools all nodes to capture244

the complete molecule, while the scaffold embed-245

ding gscaffold pools only VS ∪ VA to isolate the246

pharmacophoric core. These are projected into the247

LLM’s semantic space via an adaptive multiscale248

Hyperbolic Bridge fbridge(·):249

zgeo = fbridge(gglobal), (5)250

zscaffold = fbridge(gscaffold) (6)251

In-Batch Contrastive Learning. To align these252

views with text, we extract textual representations253

ztext from the [EOS] token of the frozen LLM en-254

coder. We optimize an InfoNCE-based objective255

that forces the geometric embeddings to be closer256

to their paired text description than to others in the257

batch B:258

sij =
sim

(
z
(i)
geo, z

(j)
text

)
τ

. (7)259

260

Lalign = − 1

B

B∑
i=1

log
exp(sii)∑B
j=1 exp(sij)

. (8) 261

An auxiliary loss Lscaffold is defined analogously 262

for the scaffold view, ensuring the model explic- 263

itly learns to map core structures to their specific 264

linguistic identifiers. 265

3.4 Geometry-Conditioned Generative 266

Injection 267

Finally, to transfer this structural understanding 268

to downstream tasks like captioning and property 269

prediction, we must inject the aligned represen- 270

tations into the LLM without disrupting its pre- 271

trained knowledge. Instead of using long, token- 272

heavy atom sequences, we treat our compact global 273

and scaffold embeddings as Geometric Summaries 274

Z = [zgeo, zscaffold] 275

These summaries are integrated via Gated 276

Cross-Attention layers inserted into the frozen 277

LLM. For hidden states H(l)
text at layer l, the injec- 278

tion is defined as: 279

A = Softmax

(
(H

(l)
textWQ)(ZWK)⊤√

d

)
(9) 280

O(l) = H
(l)
text + tanh(γ) ·A(ZWV ) (10) 281

where γ is initialized to zero to ensure training 282

starts from a stable pre-trained state. The total train- 283

ing objective combines generation with learnable 284

gating and geometric consistency alignment: 285

L = Lgen + λ1Lalign + λ2Lscaffold (11) 286

This formulation ensures the LLM’s generation 287

is guided by both the overall molecular properties 288

and the specific geometry of the scaffold. 289

4 Experiments 290

Datasets and Tasks. To comprehensively eval- 291

uate GLA, we conduct experiments on three stan- 292

dard benchmarks: PCDes (Zeng et al., 2022) 293

for cross-modal molecule-text retrieval, ChEBI- 294

20 (Edwards et al., 2021) for molecule captioning, 295

and MoleculeNet (Wu et al., 2018) for multitask 296

classification property prediction. 297

Research Questions Our evaluation addresses 298

three pivotal questions: 299

• (RQ1) Can disentangled geometric represen- 300

tations surpass isotropic baselines in fine- 301

grained cross-modal retrieval? 302
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Methods Text→Molecule Molecule→Text

R@1 R@5 R@10 MRR R@1 R@5 R@10 MRR

Euclidean Graph Alignment Baselines
MoMu 4.90 14.48 20.69 10.33 5.08 12.82 18.93 9.89
MolCA 35.09 62.14 69.77 47.33 37.95 66.81 74.48 50.80
MolFM 16.14 30.67 39.54 23.63 13.90 28.69 36.21 21.42

Linearized Sequence Baselines
MoleculeSTM 35.80 – – – 39.50 – – –

LLM-Centric Alignment Baselines
Atomas-Base 39.08 59.72 66.56 47.33 37.88 59.22 65.56 47.81
Atomas-Large 49.08 68.32 73.16 57.79 46.22 66.02 72.32 55.52

GLA (Ours) 42.15 70.59 76.52 58.14 44.28 65.51 75.89 56.94

Table 1: Molecule–text retrieval performance on the PCDes test set. Bold and underlined indicate the best and
second-best results, respectively. Baseline results are taken from Zhang et al. (2025).

Method BLEU-2↑ BLEU-4↑ ROUGE-1↑ ROUGE-2↑ ROUGE-L↑

MoMu-large 0.599 0.515 - - 0.593
InstructMol-GS 0.475 0.371 0.566 0.394 0.502
MolCA, Galac1.3B 0.620 0.531 0.681 0.537 0.618
GIT-Mol-GS 0.352 0.263 0.575 0.485 0.560
MolFM-base 0.585 0.498 0.653 0.508 0.594
MolT5-large 0.594 0.508 0.654 0.510 0.594
Text+Chem T5-augm 0.625 0.542 0.682 0.543 0.622
MolXPT 0.594 0.505 0.660 0.511 0.597
MolReGPT (GPT-4-0314) 0.607 0.525 0.634 0.476 0.562
Atomas-Base 0.632 0.549 0.685 0.545 0.626

GLA (Ours) 0.641 0.558 0.692 0.554 0.635

Table 2: Results of molecule captioning task on ChEBI-20 test set. Bold and underlined indicate the best and
second-best results, respectively. Baseline results are adapted from Zhang et al. (2025).

• (RQ2) Does injecting mixed-curvature sum-303

maries into frozen LLMs enhance the genera-304

tion of structurally faithful captions?305

• (RQ3) Do these geometry-aware represen-306

tations transfer effectively to discriminative307

property prediction tasks?308

Baselines To answer these, we benchmark GLA309

against state-of-the-art methods across three tasks.310

Detailed baseline configurations and specific im-311

plementation settings are provided in Appendix A312

and Appendix B.313

Molecule-Text Retrieval: We compare graph-314

based alignment models (MoMu (Su et al.,315

2022), MolFM (Luo et al., 2023), MolCA (Liu316

et al., 2023c)) and sequence-based methods317

(MoleculeSTM (Liu et al., 2023a)).318

Molecule Captioning: Baselines include T5-319

based sequence models (MolT5 (Edwards et al.,320

2022), Text+Chem T5 (Christofidellis et al.,321

2023)), GPT-style architectures (MolXPT (Liu322

et al., 2023b), MolReGPT (Li et al., 2023)), and323

multi-modal LLM adapters (GIT-Mol (Liu et al., 324

2024a), InstructMol (Cao et al., 2023)). 325

Property Prediction: We evaluate against se- 326

quence transformers (MoleculeSTM), graph net- 327

works (MoMu, MolFM), and LLM-centric injec- 328

tors (MolCA, Atomas (Zhang et al., 2025)). 329

4.1 Main Results 330

Molecule-Text Retrieval To validate whether re- 331

solving the "geometric homogenization" of flat en- 332

coders enhances semantic grounding, we evalu- 333

ate GLA on the PCDes benchmark (Table 1). By 334

explicitly modeling the hierarchical topology of 335

molecules, GLA achieves SOTA on comprehen- 336

sive ranking metrics, demonstrating superior ro- 337

bustness in the overall ranking space compared 338

to the 7B-parameter baseline, Atomas-Large (e.g., 339

+1.42% in Molecule-to-Text MRR). This perfor- 340

mance gain indicates that while massive parame- 341

ter scales may help identify top-1 candidates, our 342

mixed-curvature approach effectively places the 343

correct semantic targets within the local neighbor- 344

hood of the query, even when the exact match is am- 345
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Method BBBP Tox21 ToxCast ClinTox MUV HIV BACE SIDER Avg.

MoleculeSTM-SMILES 70.6 75.7 65.2 86.6 65.7 77.0 82.0 63.7 73.3
MolFM 72.9 77.2 64.4 79.7 76.0 78.8 83.9 64.2 74.6
MoMu 70.5 75.6 63.4 79.9 70.6 75.9 76.7 60.5 71.6
MolCA-SMILES 70.8 76.0 56.2 89.0 - - 79.3 61.1 -
Atomas 73.7 77.9 66.9 93.2 76.3 80.6 83.1 64.4 77.0

GLA 75.6 79.7 69.6 94.5 75.6 82.2 85.2 67.9 78.8

Table 3: Results for molecular property prediction tasks (ROC-AUC) on MoleculeNet benchmark. Bold and
underlined indicate the best and second-best results. Baseline results are adapted from Zhang et al. (2025).

biguous. Furthermore, the substantial improvement346

over Euclidean graph baselines like MolCA (e.g.,347

+6.33% in M2T R@1) confirms that breaking the348

bottleneck of uniform geometric spaces is critical349

for aligning fine-grained biochemical descriptions350

with their corresponding structural motifs.351

Molecule Captioning We further investigate352

whether grounding language models in explicit ge-353

ometric motifs can bridge the semantic gap often354

observed in 1D sequence models. On the ChEBI-355

20 captioning task (Table 5), GLA consistently356

outperforms the strongest baseline, Atomas-Base,357

across all generation metrics (e.g., +0.9 BLEU-4,358

+0.7 ROUGE-1). Unlike MolT5 and Text+Chem359

T5, which rely solely on linearized SMILES and360

struggle to maintain structural consistency, GLA’s361

superior performance stems from its ability to at-362

tend differentially to the scaffold and side-chains.363

This geometric guidance ensures that the generated364

descriptions are not only linguistically fluent but365

also structurally faithful, accurately reflecting the366

molecule’s functional groups rather than hallucinat-367

ing generic chemical traits.368

Molecular Property Prediction We evaluate369

if geometric disentanglement enhances discrim-370

inative reasoning, particularly under topological371

distribution shifts. As shown in Table 3, GLA372

consistently outperforms GNN and LLM base-373

lines on MoleculeNet, with significant gains on374

scaffold-split datasets like HIV and BACE. This375

confirms that our curvature-guided routing pro-376

vides stronger geometric inductive priors than377

standard Euclidean embeddings, mitigating overfit-378

ting when test topologies diverge. Notably, GLA379

achieves a 2.4% improvement over Atomas on380

the BBBP task. This gain validates that disen-381

tangled modeling of lipophilic side-chains allows382

the LLM to reason more effectively about property-383

determining substructures than models using mono-384

lithic encodings.385

4.2 Ablation Study 386

To deconstruct the contribution of each component, 387

we perform an ablation study on the PCDes test set 388

(Table 4). 389

Effect of Hyperbolic Geometry. Replacing the 390

hyperbolic MoE encoder with a standard Euclidean 391

GCN leads to a significant performance drop of 392

3.13% in R@1. This degradation confirms that the 393

hierarchical complexity of molecular scaffolds is 394

poorly modeled by flat Euclidean geometry, result- 395

ing in embeddings that lack the necessary topologi- 396

cal separation for precise retrieval. 397

Impact of Structural Disentanglement. Re- 398

moving the explicit scaffold/side-chain decomposi- 399

tion (Row 3) causes a decline of 2.23%. This indi- 400

cates that treating the molecule as a homogeneous 401

graph dilutes the distinct semantic signals of the 402

core scaffold and functional groups. By disentan- 403

gling them, GLA allows the model to align specific 404

textual phrases to their corresponding structural 405

regions more effectively. 406

Necessity of Gated Injection. The most sub- 407

stantial drop (3.58%) is observed when replac- 408

ing the gated cross-attention with a static projec- 409

tion. This finding validates that the alignment be- 410

tween chemical structure and natural language is 411

not static; the model requires a dynamic gating 412

mechanism to modulate its attention between the 413

scaffold (for core classification) and side-chains 414

(for property modification) depending on the tex- 415

tual context. 416

5 Analysis 417

The quantitative superiority of GeoGLA suggests 418

that explicitly modeling geometric hierarchy bene- 419

fits semantic alignment. In this section, we probe 420

the internal mechanisms of the model to vali- 421

date two central hypotheses: (1) that the mixed- 422

curvature latent space successfully resolves the ge- 423

ometric collapse of Euclidean encoders by disen- 424

tangling structural roles based on specificity, and 425
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Indomethacin

Model Text Alignment Visualization (on Ground Truth)

PubChem Indometacin is a member of the class of indole-3-acetic acids that is indole-3-acetic acid
in which the indole ring is substituted at positions 1, 2 and 5 by p-chlorobenzoyl, methyl,
and methoxy groups, respectively. A non-steroidal anti-inflammatory drug, it is used in the
treatment of musculoskeletal and joint disorders including osteoarthritis, rheumatoid arthritis,
gout, bursitis and tendinitis. It is a N-acylindole, a member of monochlorobenzenes, an aromatic
ether and a member of indole-3-acetic acids.

GLA (Ours) Indometacin is a member of the class of indole-3-acetic acids that is indole-3-acetic acid in
which the indole ring is substituted at positions 1, 2 and 5 by p-chlorobenzoyl, methyl, and
methoxy groups, respectively. A non-steroidal anti-inflammatory drug... It is a N-acylindole, a
member of monochlorobenzenes, an aromatic ether and a member of indole-3-acetic acids.

GLA (w/o Dual) Indometacin is a member of the class of indole-3-acetic acidsthat is indole-3-acetic acid in
which the indole ring is substituted at positions 1, 2 and 5 by p-chlorobenzoyl, methyl, and
methoxy groups, respectively. A non-steroidal anti-inflammatory drug... It is a N-acylindole, a
member of monochlorobenzenes, an aromatic ether and a member of indole-3-acetic acids.

Figure 3: Qualitative comparison using full PubChem description. GLA (Ours) accurately aligns the structural core
(Orange) and specific substituents (Blue) within the long text.

Variant M2T R@1 ∆

GLA (Full) 44.28 -

Geometric Components
- w/o Hyperbolic Enc. 41.15 -3.13
- w/o Decomposition 42.05 -2.23

Interaction Mechanisms
- w/o Gated Attention 40.70 -3.58
- w/o Dual-View Align 42.50 -1.78

Table 4: Ablation study on the PCDes test set. Re-
moving hyperbolic geometry and gated injection causes
significant performance drops.

(2) that the Dual-View Contrastive Alignment is426

indispensable for the LLM to ground fine-grained427

structural motifs without hallucinating local details.428

5.1 Manifold Visualization and Geometric429

Fidelity430

To empirically validate whether GeoGLA mitigates431

the representation collapse typical of flat graph en-432

coders, we visualize the learned embedding mani-433

folds using UMAP in Figure 4. Each point repre-434

sents a molecular graph, color-coded by its topo-435

logical complexity.436

As shown in the Euclidean (Right), the mani-437

fold exhibits a pathological “filamentous collapse”,438

where molecules of varying complexities are com-439

pressed into narrow, overlapping ribbon-like re-440

gions. This confirms that Euclidean geometry lacks441

the intrinsic dimensionality and representation442

capacity to accommodate the exponential growth443

of the molecular state space, leading to crowding444

artifacts that obscure structural distinctions.445

In contrast, GeoGLA (Left) demonstrates a clear446

radial organization characteristic of hyperbolic em-447

(a) Hyperbolic Space (b) Euclidean Space

Figure 4: Learned Manifold Visualization (UMAP).
Projections of graph embeddings on ogbg-molclintox,
colored by topological complexity. While the Euclidean
baseline (Right) suffers from structural collapse, GLA
(Left) exhibits a clear radial hierarchy, effectively dis-
tributing complex structures towards the hyperbolic
boundary.

beddings. We observe a distinct radial trend corre- 448

lating with structural complexity: generic scaffolds 449

(cool hues) cluster near the semantic origin, while 450

highly complex molecules (warm hues) are natu- 451

rally distributed towards the Poincaré ball boundary. 452

This result suggests that our mixed-curvature en- 453

coder effectively utilizes the hyperbolic radius to 454

represent structural specificity and hierarchy, nat- 455

urally distributing complex molecules towards the 456

expansive boundary while keeping generic scaf- 457

folds at the core. 458

5.2 Correlating Hyperbolic Norm with 459

Semantic Specificity 460

To quantify the efficacy of curvature-guided en- 461

coding, we analyze the relationship between the 462

hyperbolic norm ||z||2 of the learned embeddings 463

and the structural role of components. Guided by 464

dynamic gating, standard hyperbolic embeddings 465

typically place root nodes near the origin and leaf 466

nodes near the boundary to accommodate the expo- 467

7



Hyperbolic Norm（||Z||）
0.3          0.4         0.5          0.6         0.7          0.8         0.9          1.0

Scaffold

Side-Chain

Figure 5: Distribution of Hyperbolic Embedding
Norms (||z||2). Pharmacophoric scaffolds (Top) are
mapped towards the manifold boundary (high norm),
while local side-chains (Bottom) cluster near the origin.
This confirms that the model successfully disentangles
structural roles based on geometric magnitude.

nential growth of the structural hierarchy within468

tree-like graphs.469

However, as illustrated in Figure 5, our model470

exhibits a distinct distribution driven by seman-471

tic specificity rather than simple topological depth.472

For a more granular visualization of these distribu-473

tions, explicitly contrasting the density and spread474

of scaffolds versus side-chains, please refer to Fig-475

ure 6 in Appendix C.476

Specifically, pharmacophoric scaffolds are477

mapped towards the boundary of the Poincaré ball478

(High Norm). This reflects their role as the pri-479

mary determinants of biological activity—a highly480

specific semantic class that requires the expansive481

volume of the boundary to resolve fine-grained482

structural variations (e.g., distinguishing a benzo-483

diazepine core from a similar fused ring). Con-484

versely, functional side-chains cluster closer to the485

origin (Low Norm). Semantically, these substruc-486

tures (e.g., methyl, hydroxyl groups) act as com-487

mon, reusable modifiers that appear across diverse488

molecular families. Their proximity to the origin489

reflects their high generality and lower semantic490

entropy compared to the unique scaffolds. This491

geometric organization confirms that GeoGLA ef-492

fectively translates the chemical hierarchy—from493

generic building blocks to specific drug cores—into494

a structured geometric manifold.495

5.3 Qualitative Analysis496

To intuitively demonstrate how Dual-View Con-497

trastive Alignment supports fine-grained ground-498

ing, we present a qualitative case study in Fig-499

ure 3. We compare captions generated by the full500

GLA model with those from a variant without dual-501

view alignment (w/o Dual) for the molecule In-502

domethacin. 503

The ablated model correctly identifies the global 504

category (member of indole-3-acetic acids”) but 505

hallucinates or omits key local details, failing to 506

specify substituents on the indole ring. In contrast, 507

GeoGLA accurately captures functional groups, 508

correctly generating fine-grained descriptions such 509

as p-chlorobenzoyl” and “methoxy groups” at po- 510

sitions 1 and 5. This comparison highlights that 511

while the global view encodes scaffold identity, 512

alignment of local geometric summaries is crucial 513

for grounding complex chemical modifications. 514

To examine whether the Mixed-Curvature MoE 515

learns to route substructures to appropriate mani- 516

folds, we visualize the gating network’s attention 517

distribution on the ogbg-molclintox dataset (Fig- 518

ure 1). The model exhibits distinct routing behav- 519

iors for scaffolds and side-chains, supporting our 520

geometric disentanglement hypothesis. 521

Pharmacophoric scaffolds are predominantly 522

routed to the high-curvature hyperbolic expert 523

(κ = −1.5), with median attention weights sub- 524

stantially higher than those of other experts, sug- 525

gesting that the model leverages hyperbolic space 526

to encode hierarchical molecular cores. In contrast, 527

side-chains show a more diffuse distribution, with 528

increased affinity for Euclidean (κ = 0) and low- 529

curvature (κ = −0.5) experts. This indicates that 530

functional groups are treated as local, relatively flat 531

structures, effectively alleviating the “geometric 532

homogenization” limitation of standard encoders. 533

6 Conclusion 534

In this work, we address the limitations of stan- 535

dard encoders in capturing chemical composi- 536

tionality. We propose GLA, a framework that 537

aligns LLMs with molecular hierarchy via mixed- 538

curvature representation learning. Instead of re- 539

lying on rigid rules, GLA learns to route molec- 540

ular components to their optimal geometries (hy- 541

perbolic or Euclidean), effectively resolving the 542

embedding collapse common in flat spaces. Exper- 543

iments across retrieval, captioning, and property 544

prediction demonstrate that this approach signifi- 545

cantly enhances the grounding of textual concepts 546

in structural motifs. Broadly, our findings suggest 547

that incorporating geometric inductive biases is es- 548

sential for moving scientific LLMs from surface 549

pattern matching to structure-aware reasoning. Fu- 550

ture work may explore hyperbolic attention mecha- 551

nisms to further mitigate linearization constraints. 552
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Limitations553

Despite GLA’s strong performance, we identify554

three critical limitations. First, Riemannian opti-555

mization and manifold-constrained operations in-556

troduce computational overhead during the back-557

ward pass, posing significant throughput challenges558

when scaling to billion-parameter pre-training or559

processing massive chemical libraries. Second, our560

curvature-guided decomposition provides a pow-561

erful inductive bias for complex, hierarchically-562

organized drug-like molecules, but its benefits may563

diminish for structurally homogeneous or simple564

linear compounds where the scaffold-sidechain dis-565

tinction is semantically negligible. Finally, while566

GLA aligns global and motif-level features, it does567

not yet account for the dynamic conformational568

flexibility of molecules; capturing the ensemble of569

3D spatial conformers remains an open challenge570

for achieving a truly holistic geometric-language571

alignment in future iterations.572
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A Baseline Details773

To evaluate the effectiveness of GeoGLA, we com-774

pare it against a diverse set of baselines across three775

tasks. Below, we provide detailed descriptions of776

these methods.777

A.1 Molecule-Text Retrieval Baselines778

We compare our framework against several lead-779

ing multi-modal pre-training models. MoMu (Su780

et al., 2022) is a pioneering framework that utilizes781

contrastive learning to align molecular graphs with782

natural language descriptions. MoleculeSTM (Liu783

et al., 2023a) bridges chemical structures and tex-784

tual descriptions through a multi-modal contrastive785

learning strategy that explicitly incorporates chem-786

ical reactivity knowledge. MolFM (Luo et al.,787

2023) learns joint representations by integrating788

three separate unimodal encoders to process molec-789

ular structures, biomedical texts, and knowledge790

graphs respectively. Finally, MolCA (Liu et al.,791

2023c) employs a cross-modal projector to connect792

a graph encoder with a Large Language Model793

(LLM).794

A.2 Molecule Captioning Baselines795

For the captioning task, we benchmark against796

9 state-of-the-art methods. MolT5 (Edwards797

et al., 2022) is a T5-based encoder-decoder model798

pre-trained on molecule-text pairs. Similarly,799

Text+Chem T5 extends the T5 architecture to pro-800

cess both natural language and SMILES within a801

unified framework. MolXPT adopts a GPT-style802

autoregressive architecture based on GPT-2medium.803

GIT-Mol (Liu et al., 2024a) utilizes a GIT-Former804

to map molecular graphs, images, and text into805

a shared latent space. MolReGPT leverages in-806

context learning with frozen LLMs (e.g., GPT-3.5-807

turbo) to generate descriptions through retrieval-808

augmented prompting. InstructMol (Cao et al.,809

2023) aligns molecular encoders with LLMs us-810

ing instruction tuning; we specifically compare811

against the InstructMol+GS variant. Additionally,812

we evaluate the generative capabilities of MoMu,813

MolFM, and MolCA.814

A.3 Molecular Property Prediction Baselines815

For molecular property prediction, we utilize816

the MoleculeNet benchmark (Wu et al., 2018).817

We compare against sequence-based models like818

MoleculeSTM and MolT5, which treat molecules819

as linear SMILES strings. We also include graph-820

based baselines such as MolFM and MoMu, which 821

utilize GNNs to capture topological information. 822

Furthermore, we benchmark against LLM-centric 823

approaches like MolCA and Atomas (Zhang et al., 824

2025), which inject molecular features into frozen 825

LLMs for downstream classification. 826

B Implementation Details 827

The framework is instantiated with Qwen-2.5- 828

3B as the frozen LLM backbone. We apply 829

Low-Rank Adaptation (LoRA) to the query and 830

value projections of the attention layers with rank 831

r = 16. The molecular encoder utilizes a 5- 832

layer hyperbolic GIN initialized with curvature 833

K ∈ {−1.5,−0.5, 0.0}. 834

Training is conducted using the Riemanni- 835

anAdam optimizer for geometric parameters and 836

AdamW for Euclidean parameters. We set the learn- 837

ing rate to 1e-4 with a linear warmup over the first 838

10% of steps. To enhance robustness, we incor- 839

porate Free Large-batch Adversarial Generation 840

(FLAG) with a perturbation magnitude of 8e-3. All 841

experiments are conducted on NVIDIA L20 GPU. 842

C Additional Geometric Visualizations 843

To further substantiate the geometric disentangle- 844

ment discussed in Section 5.2, we visualize the 845

distribution of hyperbolic embedding norms using 846

a Raincloud plot. 847

Figure 6: Visualizing Hierarchical Disentanglement
in Hyperbolic Space (Indomethacin). In sharp con-
trast to the Euclidean embeddings in Figure ??, where
structural roles are often entangled, the hyperbolic ge-
ometry effectively disentangles the molecular hierarchy.
The rigid scaffold nodes (purple) are pushed towards
the manifold boundary, while flexible side-chain nodes
(yellow) cluster near the origin, clearly separating their
distinct semantic roles.
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Method BLEU-2↑ BLEU-4↑ ROUGE-1↑ ROUGE-2↑ ROUGE-L↑

MoMu-small 0.532 0.445 - - 0.564
MoMu-base 0.549 0.462 - - 0.575
MoMu-large 0.599 0.515 - - 0.593
InstructMol-GS 0.475 0.371 0.566 0.394 0.502
MolCA, Galac1.3B 0.620 0.531 0.681 0.537 0.618
GIT-Mol-GS 0.352 0.263 0.575 0.485 0.560
MolFM-small 0.542 0.452 0.623 0.469 0.562
MolFM-base 0.585 0.498 0.653 0.508 0.594
MolT5-small 0.519 0.436 0.620 0.469 0.563
MolT5-base 0.540 0.457 0.634 0.485 0.578
MolT5-large 0.594 0.508 0.654 0.510 0.594
Text+Chem T5-augm 0.625 0.542 0.682 0.543 0.622
MolXPT 0.594 0.505 0.660 0.511 0.597
MolReGPT (GPT-3.5-turbo) 0.565 0.482 0.450 0.543 0.585
MolReGPT (GPT-4-0314) 0.607 0.525 0.634 0.476 0.562
Atomas-Base 0.632 0.549 0.685 0.545 0.626

GLA (Ours) 0.641 0.558 0.692 0.554 0.635

Table 5: Results of molecule captioning task on ChEBI-20 test set. Bold and underlined indicate the best and
second-best results, respectively. Baseline results are adapted from Zhang et al. (2025).

Celecoxib

Model Text Alignment Visualization (on Ground Truth)

PubChem Celecoxib is a member of the class of pyrazoles that is 1H-pyrazole which is substituted at
positions 1, 3 and 5 by 4-sulfamoylphenyl, trifluoromethyl and p-tolyl groups, respectively. A
cyclooxygenase-2 inhibitor... It is a member of toluenes, a sulfonamide, a member of pyrazoles
and an organofluorine compound.

GLA (Ours) Celecoxib is a member of the class of pyrazoles that is 1H-pyrazole which is substituted at
positions 1, 3 and 5 by 4-sulfamoylphenyl, trifluoromethyl and p-tolyl groups, respectively. A
cyclooxygenase-2 inhibitor... It is a member of toluenes, a sulfonamide, a member of pyrazoles
and an organofluorine compound.

GLA (w/o Dual) Celecoxib is a member of the class of pyrazoles that is 1H-pyrazole which is substituted at
positions 1, 3 and 5 by 4-sulfamoylphenyl, trifluoromethyl and p-tolyl groups, respectively. A
cyclooxygenase-2 inhibitor... It is a member of toluenes, a sulfonamide, a member of pyrazoles
and an organofluorine compound.

Figure 7: Visualization of Geometric-Language Alignment on Celecoxib. The text content is identical (Ground
Truth) across rows. Colored words indicate successful alignment by the model. GLA (Ours) correctly aligns both
the scaffold (orange) and side-chain (blue) concepts. In contrast, the w/o Dual variant only captures the coarse
scaffold information, failing to align the specific side-chain descriptions (shown in plain text).
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