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Abstract

Most existing molecular multimodal large lan-
guage models rely on input space alignment,
where molecular graphs are represented as se-
quences of continuous embeddings and com-
bined with text prompts into a unified in-
put sequence. This paradigm flattens complex,
branched molecular topologies into graph to-
kens merged with text prompts, requiring the
LLM to reconstruct spatial relationships within
the shared context window through intensive
self-attention, potentially leading to structural
fragmentation and increased computational
overhead. In this paper, we propose MolRA, a
novel molecule-graph guided parameter space
alignment approach. Instead of prepending
graph tokens, our approach employs a graph-
guided weight generator to transform molecular
structural features into molecule-graph guided
weight signals, which are then injected directly
into the decode layers of a frozen LLM. This
approach shift decouples molecular graph in-
tegration from the input stream and enables
molecular structural reasoning without input se-
quence expansion. Experimental results demon-
strate that the proposed approach outperforms
recent input-alignment-based molecular mul-
timodal LLMs in both chemical accuracy and
instruction-following efficiency. It achieves uni-
fied instruction tuning across 11 tasks, attaining
state-of-the-art performance on 8 of them, and
offers a novel perspective on multimodal inte-
gration within scientific domains.

1 Introduction

Multimodal Large Language Models (MLLMs)
have profoundly transformed the paradigm of sci-
entific discovery, demonstrating significant break-
throughs across various fields such as medicine,
materials science, and biochemistry (Zhou et al.,
2024; Pei et al., 2024a; Luo et al., 2023). Adapt-
ing Large Language Models (LLMs) for special-

Code is available at https://anonymous.4open.science/r/
MolRA.

ized modalities enables general models to perform
complex scientific reasoning. To achieve this, es-
tablishing precise molecular representation is es-
sential for shifting from text-based modeling to-
ward deep structural reasoning (Liu et al., 2023b,
a). This progress has established molecular multi-
modal modeling as a promising research direction,
bridging the modality gap to facilitate tasks such
as molecule captioning and text-conditioned com-
pound design (Liu et al., 2023b; Edwards et al.,
2022).

To incorporate molecular topological structures,
current molecular MLLMs primarily adopt an
input space alignment approach, as illustrated
in Figure la, projecting structural features into
the textual input space to construct a unified
token sequence. Following the design philoso-
phies of vision-language models, representative
studies such as Text+Chem T5 (Edwards et al.,
2022), LLaMo (Park et al., 2024), and PRESTO
(Park et al., 2024) employ linear projectors or
transformer-based adapters to embed graph fea-
tures into the LLM input stream. This paradigm
enables the joint processing of molecular structures
and textual instructions within a shared sequence
context.

Despite significant advancements in molecu-
lar multimodal LLMs, the prevailing input space
alignment paradigm introduces inherent computa-
tional inefficiencies. The core bottleneck lies in
the LLM’s attention mechanism, which exhibits
quadratic complexity O(N?) with respect to se-
quence length (Vaswani et al., 2017; Tay et al.,
2020). For molecular data, linearizing complex,
branched graphs into one-dimensional sequences
inevitably leads to sequence expansion and struc-
tural fragmentation (Edwards et al., 2022). Con-
sequently, the LLM is compelled to reconstruct
spatial relationships and multi-hop dependencies
through intensive self-attention, significantly in-
creasing computational overhead (Rong et al.,
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Figure 1: Comparison of multi-modal alignment strategies. (a) Baselines align modalities by prepending graph
tokens, often weakening textual instructions and structural awareness. (b) MolRA injects molecule-aware weight
adaptations into a frozen LLM, enabling deep molecular awareness without disturbing the text prompt.

2020; Liu et al., a). As molecular complexity in-
creases, this burden intensifies, severely limiting
scalability for large molecules. Even recent meth-
ods employing token resampling remain bound by
the input alignment paradigm; they still necessitate
additional tokens, leaving the fundamental ineffi-
ciency unresolved (Pei et al., 2024b). These limita-
tions highlight the critical need for novel strategies
that can decouple molecular structural reasoning
from input sequence expansion.

To address these challenges, we propose MolRA,
a novel framework that shifts molecular graph in-
tegration from input space alignment to parameter
space alignment (Figure 1b). Instead of introduc-
ing additional graph tokens into the input sequence,
our approach employs a weight generator to con-
vert molecular structural features into molecule-
graph guided weights in the form of low-rank up-
dates (AW). This low-rank design ensures compu-
tational efficiency when operating within the large
parameter space of LLMs. Unlike approaches that
rely on fixed projection modules or global adap-
tation parameters, MolRA dynamically generates
updates conditioned on the individual molecular
graph, allowing the model to directly modulate
its parameters for deep structural reasoning. By
directly operating in the parameter space, this ap-
proach decouples molecular graph integration from
the input sequence, enabling high-fidelity molec-
ular structural reasoning without sequence expan-
sion. Our main contributions are as follows:

* We propose a novel paradigm for molecu-
lar multimodal LLMs by shifting molecular
graph integration from input space alignment
to parameter space alignment.

* Based on this paradigm, we propose MolRA
and design an adaptive weight generator that
synthesizes molecular structural features into
molecule-graph guided weights in the form of
low-rank updates.

* Extensive experiments across 11 tasks demon-
strate the effectiveness of our approach com-
pared to recent input-alignment-based molec-
ular LLMs.

2 Related Work

2.1 Molecular Large Language Models

Integrating molecular structures with Large Lan-
guage Models (LLMs) has become a prominent
research direction in the pursuit of developing
foundational models for science (Cao et al., 2025;
Kim et al., 2025; Lee et al., 2025). Prevailing ap-
proaches (Edwards et al., 2022; Zeng et al., 2022)
have primarily focused on aligning representations
from textual descriptions with those from molec-
ular graphs. Early methods, inspired by successes
in vision-language pre-training (Dai et al., 2023;
Singh et al., 2022), utilized contrastive learning to
align global representations of molecular graphs
and their textual descriptions (Edwards et al., 2022;
Irwin et al., 2022a). However, this global alignment
strategy, while effective for retrieval tasks, fails to
provide the fine-grained, conditional control nec-
essary for generative tasks such as molecule cap-
tioning or reaction prediction (Tran et al., 2025; Gu
et al., 2021; Chen et al., 2025). Consequently, the
dominant paradigm shifted towards methods that
connect a modality-specific encoder to the LLM
via a trainable projector module, a strategy popular-
ized by vision-language models like LLaVA (Liu



et al., 2023a). These approaches typically employ
a two-stage training process: an initial alignment
phase where the projector maps encoded features
into the LLM’s input space, followed by end-to-end
instruction fine-tuning of the entire system. This
methodology has become the de facto standard for
state-of-the-art multi-modal molecular LLMs (Cao
et al., 2025; Le et al., 2024; Lee et al., 2025).

2.2 Parameter-Efficient Fine-Tuning

The high computational and memory costs of large
language models (Touvron et al., 2023) render full-
parameter fine-tuning impractical for most appli-
cations. This challenge has catalyzed the develop-
ment of Parameter-Efficient Fine-Tuning (PEFT)
methods, which adapt pre-trained models by updat-
ing only a small subset of their parameters (Han
et al., 2024). Prominent PEFT strategies include ad-
ditive and prefix-based methods. Low-Rank Adap-
tation (LoRA) (Hu et al., 2022) represents an influ-
ential paradigm operating directly in the parameter
space. LoRA is predicated on the hypothesis that
the weight update matrix during adaptation exhibits
a low intrinsic rank. Consequently, it freezes the
pre-trained weight matrix W and injects a paral-
lel, trainable low-rank decomposition AW = BA.
During fine-tuning, only the low-rank matrices A
and B are optimized.

3 Method

3.1 Problem Formulation

We study multi-modal instruction-following for
molecular reasoning, where a model generates tex-
tual responses conditioned on natural language in-
structions and molecular structures. Each instance
is a triplet (1,G, A), where [ is the instruction,
G = (V,€) is the molecular graph, and A is the
target output. Our goal is to learn a unified model
approximating P(A | I; G) via the adaptive gener-
ator parameters 1. We maximize the log-likelihood
over dataset D:

log P(A | I . 1
max > logP(A]LGw). ()
(I1,G,A)eD

All base model parameters are frozen, and v con-
sists solely of the proposed generator modules, as
detailed in Section 3.6.

3.2 MolRA Architecture Overview

MolRA reformulates multi-modal integration by
shifting from input-space token prepending to pa-
rameter space alignment, thereby eliminating the

computational overhead and structural fragmenta-
tion caused by sequence expansion. As illustrated
in Figure 2, the framework operates through a uni-
fied pipeline: The Adaptive Weight Generator (Sec-
tion 3.3, Fig. 2a) first synthesizes molecular graph
embeddings into instance-specific low-rank param-
eters. These updates are integrated via Dynamic
Weight Injection (Section 3.4, Fig. 2b) to modulate
the frozen LLM layers. Finally, the Graph-Guided
Inference stage (Section 3.5, Fig. 2c) leverages
these structure-infused pathways to perform rea-
soning without altering the textual input sequence.

3.3 Adaptive Weight Generator

The Adaptive Weight Generator is the core of
the MolRA, responsible for bridging the modal-
ity gap between the graph encoder’s feature space
and the LLLM’s parameter space. It transforms the
set of graph node embeddings Hg into a series
of low-rank matrices that modulate the LLM’s
weights. This process consists of two stages: a
cross-attention distillation head and a low-rank pa-
rameter projection head.

3.3.1 Graph Encoding

To capture the atomic composition and topological
connectivity, we employ a Graph Neural Network
(GNN), denoted as g(-), to encode the molecular
graph G. The GNN operates via a message-passing
scheme over L layers, where the node representa-
tions are initialized with atom-level features hq(JO).
At each layer, the representation of every node
is iteratively refined by aggregating feature mes-
sages from its local neighborhood A (v) and up-
dating its state. The final set of node embeddings,
Hg = {hq(JL) | v € V}, effectively encapsulates
the molecule’s structural topology and serves as the
input source for the subsequent Adaptive Weight
Generator.

3.3.2 Cross-Attention Distillation Head

Inspired by query-based mechanisms in vision-
language models, we distill the node-level graph
features into a set of compact representations de-
signed for parameter generation. We introduce a
small set of k learnable molecular queries, Qjearn €
R¥*dmoaet These queries are processed by a stack of
transformer decoder layers. Within each layer, the
queries first attend to each other via self-attention,
allowing them to specialize. Subsequently, a cross-
attention mechanism enables the queries to attend
to the set of node embeddings Hg, aggregating
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Figure 2: The overall architecture of MolRA. (a) The Adaptive Weight Generator synthesizes structural features
into low-rank parameter updates. (b) These adaptive weights are injected into the frozen LLM via parameter space
alignment. (c) The inference pipeline for Molecule-Graph Guided reasoning and generation.

relevant structural and chemical information. The
output of this process is a set of k context-aware
query vectors, Qou € R¥*9motel which have effec-
tively distilled the molecular structure into a format
suitable for the next stage.

3.3.3 Low-Rank Parameter Projection

Generating full-rank weight matrices for the LLM
is infeasible. We thus adopt a low-rank factoriza-
tion strategy inspired by LoRA (Hu et al., 2022).
For each target component c in the LLM (e.g., the
query projection matrix W), the molecule-specific
weight update, denoted as W, € R%m>dim i fac-
torized into two smaller matrices, AA . € R%m*"
and AB,. € R"™*%m where the rank r < djm.
We establish a one-to-one mapping between the
k distilled query vectors in Qg and the set of all
target components. For a given component ¢, we
select its corresponding query vector q. from Qqy;.
The instance-specific matrix AA. is generated by
projecting q. using a fully-connected layer, Wgc,
and then reshaping the result. The matrix AB,.
is realized as a shared, learnable linear projector,
W roj, which is constant for all generated weights
and is analogous to the up-projection matrix in
standard LoRA. The complete weight update for a
specific component ¢, which we denote generically
as W1, 1s thus formulated as:

Wit = AAC : ABc = R(chFC)Wproja (2)

where R(-) is an operator that reshapes its input
vector from R%m ™ into a matrix in R%m <" The lay-
ers Wi € Rt (dimm) and W, € R %m are
learnable parameters. This factorization imposes a
strong regularization by decoupling the generation

process: the Adaptive Weight Generator only maps
the query q. into a low-rank bottleneck via Wrc,
while the shared W ,,; handles the final projection.

3.4 Dynamic Weight Injection

The molecule-graph guided weight update, Wy,
generated as defined in the preceding section, is
dynamically injected into the frozen LLM’s param-
eters. This process creates a temporary, molecule-
specific computational path by augmenting the orig-
inal weights. For a given frozen weight matrix
Wiiozen (€.2., Wy, Wi, W,,, W, in self-attention,
and W in MLP projections), the modified weight
matrix W used in the forward pass is formulated
as a direct summation:

W = Wfrozen + Wmol' (3)

This additive modification is applied across des-
ignated layers and components of the LLM. By
directly absorbing these molecule-aware updates
into its parameter space, the LLLM can model com-
plex chemical topologies.

3.5 Graph-Guided Inference

As depicted in Figure 2(c), the model executes
Graph-Guided Inference using the instruction [ as
the sole textual input. Unlike input-alignment meth-
ods, we avoid sequence expansion by implicitly
accessing molecular structures through the modu-
lated parameters W. The response A is generated

autoregressively:
Pla; | acy, I; W). 4)

This design maintains a clean context window, ef-
fectively eliminating structural fragmentation and



ensuring the LLM’s attention is dedicated entirely
to textual reasoning.

3.6 Training Method

The training of MolRA consists of a two-stage
process designed to integrate molecular topolog-
ical structures via parameter space modulation.
Throughout both stages, the backbone LLM (6)
and GNN encoder (¢) remain frozen, while only
the Adaptive Weight Generator (v) is updated.

Stage 1: Pre-training for Molecule Text Align-
ment. This stage bridges the modality gap using
molecule text pairs from PubChem (Kim et al.,
2023). The Adaptive Weight Generator distills
molecular graph topology into molecule-aware pa-
rameter modulations, enabling the LLM to reason
about chemical properties and bioactivity.

Stage 2: Downstream Tasks Instruction Tuning.
We adapt the model to downstream tasks using
natural language instructions paired with molecular
graphs. This allows MolRA to perform reasoning
by leveraging molecule-graph guided weights to
modulate the LLM’s computational pathways. For
each instance (G, I, A) in the training set D, the
model minimizes the standard autoregressive cross
entropy loss explicitly with respect to the Adaptive
Weight Generator parameters 1):

T
L) == logP(a; | acy, W) (5)

t=1

This objective realizes effective parameter space
alignment by optimizing the transformation of
graph structures into weight modulations (¢ —
‘W o), ensuring high fidelity molecular awareness.

4 Experiments

4.1 Experiment Setup

Benchmarks. We evaluate MOolRA across
11 molecular benchmarks grouped into three
paradigms to assess comprehensive molecular
understanding: (i) Mol2Mol tasks, including
forward reaction prediction, retrosynthesis, and
reaction condition prediction; (ii) Mol2Text
tasks, covering molecule captioning and property
description generation; (iii) Mol2Num tasks,
focusing on quantitative molecular attribute
estimation across diverse datasets. Detailed task
statistics and evaluation metrics are provided in
Appendix A.1.

Baselines. We compare MolRA with three cate-
gories of baselines: (i) previous domain expert mod-
els, including MoleculeTransformers (Shin et al.,
2019), Chemformer (Irwin et al., 2022b), and Retro-
former (Wan et al., 2022); (ii) molecule-specialized
LLMs, including TextChemTS5 (Christofidellis
et al., 2023), T5SChem (Lu and Zhang, 2022),
ReactXT (Liu et al., b), MolCA (Liu et al., a),
and MoT5-Large (Edwards et al., 2022); and (iii)
input-space alignment models, including Instruct-
Mol (Cao et al., 2025), PRESTO (Cao et al., 2024),
HIGHT (Chen et al., 2024), 3D-MoLM (Li et al.),
LLaMo (Park et al., 2024), and UniMoT (Guo et al.,
2025).

Evaluation Metrics. Following PRESTO (Cao
et al., 2024) and prior work (Fang et al.; Hu
et al.), we evaluate MolRA using established task-
specific metrics across diverse molecular tasks. For
Mol2Mol tasks, we report EXACT, BLEU, Lev-
enshtein distance, fingerprint-based Tanimoto sim-
ilarities (RDK, MACCS, Morgan), and chemical
validity. For Mol2Num tasks, we report the Mean
Absolute Error (MAE), except for reaction yield
prediction, where we use the coefficient of deter-
mination (R?). For Mol2Text tasks, we adopt stan-
dard natural language generation metrics, including
BLEU, ROUGE-L, and METEOR. Evaluation met-
rics details are provided in Appendix A.2.

Implementation Details. Our primary experi-
ments use Vicuna v1.5-7B. In the settings, only
the proposed Adaptive Weight Generator is train-
able and comprises N = 8 decoder blocks, distill-
ing molecular structures into low-rank molecule-
aware weight updates with rank » = 64. These
updates are injected into the W,, W, W, W,
and W matrices of the LLM self-attention layers.
Following prior work(Cao et al., 2024), we employ
SELFIES instead of SMILES for molecular repre-
sentation to strictly guarantee the chemical validity
of generated structures. We optimize the model
using AdamW with a learning rate of 2 x 107°
and a global batch size of 96 across 8 NVIDIA
A800 GPUs. Additional implementation details are
provided in Appendix A.3.

4.2 Main Results

Tables 1 present the comprehensive evaluation of
our framework across diverse molecular under-
standing and generation tasks. Overall, the pro-
posed parameter space modulation approach consis-
tently achieves superior performance compared to



Table 1: Results on Mol2Mol tasks: forward reaction, retrosynthesis, and condition prediction (reagent, catalyst, solvent).
Arrows (T, J) indicate better performance direction. Model denotes domain expert methods; * denotes our re-implementation;

and fdenotes results from (Cao et al., 2024).

MODEL

ExACTt BLEUT LEVENSHTEIN, RDKFTST MACCS FTST MORGAN FTST VALIDITY

Forward Reaction Prediction

Chemformer? (Irwin et al., 2022b) 0.372 0.824 8.097 0.755 0.820 0.717 0.994
MoleculeTransformerst (Shin et al.. 2019) 0.313 0.663 11.735 0.549 0.619 0.532 0.925
LLaMAZ27(Touvron et al., 2023) 0.251 0.658 13.167 0.533 0.630 0.512 0.940
Mol-Instruction (Fang et al.) 0.045 0.654 27.262 0.313 0.509 0.262 1.000
nachO-baset (Livne et al., 2024) 0.331 0.857 13.108 0.628 0.709 0.594 0.977
PRESTOf (Cao et al., 2024) 0.355 0.836 10.647 0.646 0.726 0.624 0.973
HIGHT (Chen et al., 2024) 0.293 0.935 16.687 0.774 0.618 0.566 1.000
InstructMol (Cao et al., 2025) 0.536 0.967 10.851 0.776 0.878 0.741 1.000
LLaMo (Park et al., 2024) 0.584 0.894 6.162 0.857 0.918 0.841 0.938
UniMoT (Guo et al., 2025) 0.611 0.980 8.297 0.836 0911 0.807 1.000
MolRA 0.697 0.985 6.780 0.875 0.923 0.843 1.000
Retrosynthesis

Chemformer¥ 0.011 0.611 21.073 0.659 0.730 0.574 0.998
Retroformert(Wan et al., 2022) 0.273 0.769 14.768 0.690 0.782 0.647 0.952
LLaMA27 0.220 0.754 15.695 0.649 0.747 0.608 0.933
Mol-Instruction 0.039 0.395 31.611 0.279 0.478 0.260 1.000
nachO-base 0.173 0.854 18.883 0.574 0.668 0.515 0.892
PRESTOf 0.275 0.902 14.433 0.655 0.747 0.619 0.980
HIGHT 0.202 0914 20.194 0.772 0.623 0.577 0.999
InstructMol 0.407 0.941 13.967 0.753 0.852 0.714 1.000
LLaMo 0.341 0.830 12.263 0.793 0.868 0.750 0.954
UniMoT 0.478 0.974 11.634 0.810 0.909 0.771 1.000
MolRA 0.530 0.960 10.720 0.820 0.918 0.782 1.000
Reagent Prediction

LLaMA27} 0.000 0.283 53.510 0.136 0.294 0.11 1.000
Mol-Instruction 0.044 0.224 23.167 0.237 0.364 0.213 1.000
nachOQ-baset 0.001 0.172 34.212 0.053 0.134 0.039 0.932
T5Chem 0.019 0.559 11.044 0.366 0.461 0.374 0.994
PRESTOY 0.275 0.902 14.433 0.655 0.747 0.619 0.980
HIGHT 0.007 0.482 27.167 0.462 0.346 0.303 1.000
InstructMol 0.129 0.610 19.664 0.444 0.539 0.400 1.000
LLaMo* 0.223 0.862 15.263 0.593 0.668 0.580 0.954
MolRA 0.175 0.689 16.634 0.530 0.589 0.468 1.000
Catalyst Prediction

LLaMA27 0.680 0.720 2.545 0.882 0.868 0.687 1.000
Mol-Instruction 0.0 0.110 28.424 0.031 0.045 0.015 0.999
nachQ-baset 0.0 0.072 36.442 0.129 0.055 0.009 0.849
T5Chem 0.02 0.346 13.41 0.146 0.268 0.20 0.99
PRESTO? 0.768 0.814 1.755 0914 0.895 0.774 1.000
LLaMo* 0.737 0.770 1.763 0.913 0.868 0.745 0.995
MolRA 0.775 0.824 1.706 0.923 0.891 0.782 1.000
Solvent Prediction

LLaMA2+ 0.311 0.462 3.819 0.452 0.480 0.417 1.000
Mol-Instruction 0.0 0.155 25.117 0.030 0.122 0.035 1.000
nachO-basef 0.0 0.072 36.442 0.129 0.055 0.009 0.849
T5Chem+ 0.083 0.311 16.22 0.458 0.424 0.40 0.99
PRESTOY 0.419 0.695 2.758 0.529 0.547 0.506 0.912
LLaMo* 0.405 0.690 2.653 0.533 0.538 0.506 1.000
MolRA 0.353 0.662 3.697 0.494 0.517 0.462 1.000

Table 2: Performance comparison on Mol2Text tasks, including description generation, molecular captioning, and experimental

procedure tasks.

MobEL B4t RIT R21 RLT My MODEL B-47 R-17 R2f RLt Mt MODEL B2t B-4t R-1T R2} R-L{
Description Q&A Task M. o -
LLaMA? 0232 0351 0221 0304 0469 olecular Captioning Task Experimental Procedure
DAGLMS) 0261 0401 0256 0346 0.522 LLaMA2* 0253 0376 0275 0342 0.338 TextChemT5  0.541 0406 0615 0403 0.564
*3D:M2LMEG) 0261 0401 0239 0350 019 Mol-Instruct 0.171 0331 0203 0289 0.271 MolT5-Large 0545 0410 0.625 0409 0.572
ool 0117 0273 0118 0178 0213 HIGHT 0397 0582 0414 0518 0.525 Galactica 0535 0395 0.609 0386 0.552
. : : : : e InstructMol 0371 0.566 0.394 0.502  0.509 MoICA, Galac 0549 0415 0.625 0404 0.570

LLaMo* 0463 0538 0481 0.565 0.602

) LLaMo* 0485 0.568 0476 0560 0.602 ReactXT, Galac 0574 0.440 0.644 0427 0.589
UniMoT 0238 0375 0237 0336 0348 e Lol Mo Rl
MoIRA 0486 0.645 0498 0578 0590 _MoIRA 0460 0.623 0469 0.563 0.565 o d J d J d

both general-purpose LLMs and existing molecule-
oriented baselines.

Mol2Mol Tasks: Chemical Transformation Pre-
diction. On tasks requiring structural reason-
ing, including forward reaction prediction, ret-
rosynthesis, and reaction condition generation,
our framework achieves consistently strong per-
formance across Exact Match, edit distance, and

fingerprint-based similarity metrics (Table 1). Com-
pared to input-alignment-based models such as
PRESTO (Park et al., 2024) and InstructMol (Cao
et al., 2025), MolRA attains comparable or im-
proved Exact Match scores while maintaining high
chemical validity. These results indicate that direct
parameter modulation enables effective structure-
aware molecular reasoning for complex chemical



Table 3: Performance comparison across three different Mol2Num tasks. For yield regression, we report the R?score.

MODEL Weightl  LogPl  TPSAJ MODEL BH] SM1 MobEL  HOMO| LUMO, GAP, Avgl
More Mol 2Num o e QM09 Property Prediction
LLaMA2 22.10 (96) 145(95)  15.87 (92) LLaMA2 0.737 0.864 0.515  0.7053
Vicuna v1.5 17.10 (93 1.20 (92 12.95 (93 LLaMA2 -0.476  0.121 Mol-Instruct ~ 0.0210 0.0210  0.0203 0.0207
icuna v1. A10(93)  120(92) 1295 (93) Vicunavl.5 -0.131 0.151 HIGHT 0.0056  0.0065 0.0077 0.0066
3D-MoLM(S 14.79 (95 0.66 (97 9.71 (93
-MoLM(S) 79 95) 66 (97) 71(93) PRESTO 0.944 0.652 InstructMol 0.0048 0.0050  0.0061 0.0050
3D-MoLM(G) 1658 (92)  0.78 (95)  10.90 (90) MolRA 0956 0.684 UniMoT 00042 0.0047 0.0055 0.0048
MolRA 11.72 (100)  0.57 (100) 5.75 (100) . . MolRA 0.0032  0.0037  0.0045 0.0038
. c 1 InstructMol LLaM: PRESTO o]
transformations, avoiding the structural degrada- e o o
. . N ; 18200 ot 35{BI000 g S{ETHO i
tion introduced by linear tokenization in prior ap- P R I e iR iy
proaches. . /o e /
EgL 3.0 1.896 4
Mol2Text Tasks: Molecular Description Gen- 3 “
. o . e 4 20 PR et
eration. For molecular description generation el
s 1892+
and captioning, our framework achieves competi-
051y 1.890 -

tive performance across BLEU, ROUGE, and ME-
TEOR metrics (Table 2). These results suggest that
the molecular structural features encoded by the
weight generator can be effectively integrated into
the LLM to support language generation. By avoid-
ing graph token expansion, MolRA preserves struc-
tural information during generation, enabling nat-
ural language descriptions that faithfully reflect
molecular topology.

Mol2Num Tasks: Molecular Property Predic-
tion. We evaluate MolRA on multiple Mol2Num
benchmarks, including molecular property predic-
tion on QM9, extended physicochemical property
prediction, and yield regression (Table 3). Across
molecular property prediction tasks, MolRA consis-
tently achieves lower Mean Absolute Error (MAE)
on most target properties, indicating improved ac-
curacy in quantitative structure—property modeling.
For reaction yield prediction, MolRA attains higher
R? scores compared to input-alignment-based base-
lines, demonstrating its effectiveness in capturing
structure-dependent numerical relationships.

5 Analysis

5.1 Analysis of the Computational Cost

To evaluate inference efficiency, we measured total
GFLOPs and latency on the molecule captioning
task using a diverse set of 200 molecules with sizes
ranging from 0 to 300 atoms. As illustrated in Fig-
ure 3, input-alignment-based baselines (Instruct-
Mol, LLaMo, and PRESTO) exhibit a strong pos-
itive correlation between atom count and compu-
tational cost, with Pearson correlation coefficients
(p) approaching 1.00, indicating that inference cost
increases with molecular size. In contrast, MolRA
maintains a nearly constant computational footprint
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Figure 3: Computational cost analysis on the molecular de-
scription task. We compare Total GFLOPs (top row) and In-
ference Time (bottom row) across different molecular sizes
(0-300 atoms).

2.3 0.5 23 0.5

across molecules of different sizes, showing a min-
imal correlation between atom count and GFLOPs
(p = —0.04). These empirical observations suggest
that MolIRA avoids the computational escalation
inherent to token-based molecular representations.
A theoretical analysis of the computational com-
plexity is provided in Appendix C.

5.2 Extensibility across LLM Backbones

As shown in Table 4, we evaluate MolRA on
LLaMA 2-7B, Vicuna v1.5-7B, and Qwen 2.5-
7B, where it consistently outperforms baselines
like LoRA and full fine-tuning (e.g., surpassing
fine-tuning by substantial margins on LLaMA 2).
Notably, Vicuna v1.5 exhibits the superior perfor-
mance. We attribute this to its robust instruction-
following alignment, which synergizes effectively
with our dynamic weight injection to better artic-
ulate molecular reasoning cues despite the frozen
backbone. These results confirm that MolRA is a
transferable strategy that benefits from strong base
model alignment.



Table 4: Extensibility analysis of MolRA across different
LLM backbones compared to LoRA and full fine-tuning on
molecular forward reaction prediction tasks.

Backbone

Training Setting BLEU-21 Levenshtein| FTST

Validityt

Infer-only (Base) 0.036 46.844 0.017 0.041

+LoRA 0.764 15532 0703 1.000

LLaMA27B | ke 0.821 13248 0728 1.000
+MolRA (Ours)  0.941 10983 0787 1.000

Infer-only (Base) ~ 0.034 45654 0021 0.038

Viena vl s.7p +LORA 0.775 15502 0.698  1.000
cuna vi.- + Full FT 0.828 13321 0728 1.000
+MolRA (Ours)  0.960 10720 0780  1.000

Infer-only (Base)  0.015 50524 0015  0.029

+LoRA 0525 19.531 0.648 0992

Qwen237B | puner 0.748 15701 0.685 0998
+MolRA (Ours)  0.928 12373 0742 0998

5.3 Analysis of Modulation Placement

We conduct an ablation study to examine effec-
tive injection locations within a standard Vicuna
decoder block. Candidate targets include the multi-
head attention projections—query (q), key (k),
value (v), output projection (0)—as well as the
feed-forward network (f). As shown in Figure 4,
injecting molecule-aware weights into all compo-
nents (gkvof) yields the best overall performance.
This result indicates that jointly modulating both
the self-attention and feed-forward sublayers of Vi-
cuna v1.5-7B is beneficial for effective structural
conditioning.

Results on Forward

Score
0.567
0.615

EXACT BLEU RDK MACCS MORGAN VALIDITY

ak ako qkv  EEE gkvo EEE gkvof

Figure 4: Ablation study on the injection targets for the
molecule-aware weights. Targets include the self-attention
projections—query (q), key (k), value (v), output (0), and the
feed-forward network (f).

5.4 Analysis of Parameter Modulations

We visualize PCA projections of the generated
AW across five chemical classes. Unlike static
LoRA, MolRA produces instance-specific param-
eter updates that reflect molecular structural dif-
ferences, as illustrated in Figure 5. The first two
principal components (PC1-PC2), accounting for
87.3% of the variance, exhibit clear clustering pat-
terns associated with broad structural character-
istics (e.g., polycyclic rigid versus aliphatic flex-
ible molecules). Similar geometric distributions
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Figure 5: PCA Visualization of Learned Parameter Modu-
lations (AW). The geometric consistency between In-Dist
and OOD settings across primary (PC1-PC2) and lower-order
(PC11-PC12) components demonstrates robust structural un-
derstanding.

are observed under both in-distribution and out-of-
distribution settings, suggesting that the learned pa-
rameter modulations generalize beyond individual
samples. In addition, lower-variance components
capture more fine-grained variations, indicating a
hierarchical organization in which dominant direc-
tions encode coarse structural information.

6 Conclusion

In this paper, we introduced MolRA, a parameter
space modulation framework for molecular multi-
modal large language models. By shifting molecu-
lar structural modeling from input space alignment
to parameter space modulation, MolRA avoids se-
quence inflation and structural fragmentation in
graph tokenization. Through the molecule adaptive
weight generator, molecular graphs are transformed
into low-rank parameter modulations injected into a
frozen LLM, enabling structural reasoning without
expanding the input sequence. Extensive experi-
ments show that MoIRA achieves strong predictive
performance and computational efficiency. Overall,
this work highlights parameter-space modulation
as a promising direction for scalable multimodal
integration in scientific LLMs.



Limitations

Despite the promising performance of MolRA, two
primary limitations remain. First, our framework
currently relies solely on 2D molecular topolo-
gies, potentially overlooking stereochemical nu-
ances crucial for spatial tasks. Future iterations
will explore integrating 3D conformers or multi-
modal data to enrich molecular representation. Sec-
ond, we utilize general-domain LLMs (e.g., Vicuna,
LLaMA, Qwen) as the frozen backbone. While this
ensures instruction-following proficiency, the in-
herent lack of specialized scientific knowledge in
the base model may restrict the upper bound of
chemical reasoning. Extending MolRA to larger,
domain-specific foundation models constitutes a
key direction for future work.

Ethics Statement

Our work complies with the ACL Ethics Policy.
The proposed MolRA is a general parameter-space
modulation method for molecular multimodal large
language models and does not involve human sub-
jects or sensitive data. All datasets and models used
are publicly available. We do not foresee any sig-
nificant ethical concerns associated with this work,
nor additional chemical safety risks.
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Appendix

A Detailed Experimental Settings

A.1 Details of Benchmarks for Evaluation

Molecular Description Generation. This task
evaluates a model’s ability to generate informa-
tive text descriptions for a given molecule. The
descriptions should cover key aspects such as chem-
ical properties, functional groups, and biological
roles. We use two main datasets for this task. (1)
ChEBI-20 provides rich, detailed descriptions for
molecules, focusing on biochemical entities. (2)
The PubChem Description Q&A dataset is struc-
tured in a question-and-answer format, testing the
model’s ability to retrieve specific factual informa-
tion about a molecule.

Forward Reaction Prediction. In this task, the
model predicts the likely product of a chemical re-
action given the reactants and reagents. The model
receives input as SELFIES strings representing the
starting materials and must generate the SELFIES
string for the resulting product. Our evaluation is
based on the widely used USPTO dataset, which
contains a large collection of chemical reactions
from U.S. patents.

Retrosynthesis. Retrosynthesis is the reverse of
forward reaction prediction. Given a target product
molecule, the model’s goal is to identify and gener-
ate the SELFIES strings of the necessary reactants
for its synthesis. This task challenges the model’s
understanding of chemical reaction pathways. We
use the USPTO 500K dataset, a large-scale bench-
mark specifically curated for single-step retrosyn-
thesis.

Reagent Prediction. This task assesses the
model’s ability to identify the correct reagents
needed to facilitate a specific chemical transforma-
tion. The model is provided with both the reactants
and the final product, and it must predict the ap-
propriate reagent(s). For this task, we utilize the
USPTO 500 MT dataset.

Property Prediction (Regression). This task
measures the model’s performance in predicting
quantitative molecular properties. We focus on
quantum mechanical properties, specifically pre-
dicting the energy of the Highest Occupied Molec-
ular Orbital (HOMO) and the Lowest Unoccupied
Molecular Orbital (LUMO). The model takes a
molecule’s SELFIES representation as input and
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outputs a continuous numerical value for the target
property. We use the QM9 dataset for this evalua-
tion.

A.2 Details of Evaluation Metrics

We use a range of established metrics to evalu-
ate our model’s performance across different tasks.
The direction of the arrow (1/]) indicates whether
a higher or lower score is better.

Chemical Reaction Prediction. For tasks involv-
ing SELFIES generation (Forward Reaction Predic-
tion, Retrosynthesis, Reagent Prediction, Catalyst
Prediction, Solvent Prediction), we use the follow-
ing metrics:

» Exact Match (1): The percentage of predic-
tions where the canonicalized SELFIES string
of the generated molecule is identical to the
ground truth. This is a strict measure of accu-
racy.

* BLEU (7): Measures the n-gram overlap be-
tween the generated and reference SELFIES
strings. Although typically used for natural
language, it serves as a proxy for textual simi-
larity in SELFIES generation.

e Levenshtein Score (]): Measures the mini-
mum number of single-character edits (inser-
tions, deletions, substitutions) needed to trans-
form the predicted SELFIES into the ground-
truth SELFIES. It quantifies the textual differ-
ence between the strings.

e Structural Similarity (7): We assess the
structural likeness between predicted and true
molecules using Tanimoto similarity calcu-
lated from different molecular fingerprints:
MACCS, RDK:it, and Morgan fingerprints.
A higher score indicates greater structural re-
semblance.

 Validity (1): The percentage of generated
SELFIES strings that represent chemically
valid and parsable molecules. This is a fun-
damental check for the model’s chemical cor-
rectness.

Molecule Description Generation. To assess the
quality of the generated text, we employ a compre-
hensive set of standard metrics that compare the
predicted descriptions against reference texts:



Table 5: Statistics of datasets utilized in the MoIRA training pipeline. Stage 1 focuses on molecule-text alignment,
while Stage 2 and downstream tasks cover diverse chemical reasoning paradigms.

Task Type | Data Source # Train # Valid # Test # Total
Pretraining Stage 1: Molecule-Text Alignment

Molecule Captioning | PubChem (Kim et al., 2023) 326,675 - - 326,675
Downstream Paradigm I: Mol2Mol (Structural Reasoning)

Forward Prediction USPTO (Lu and Zhang, 2022; Yu et al., 2024) 124,384 - 1,000 125,384
Retrosynthesis USPTO (Fang et al.) 124,384 - 1,000 125,384
Reagent Prediction TextReact (Qian et al., 2023) 57,162 6,216 6,378 69,756
Catalyst Prediction ChemLLM (Guo et al., 2023) 10,232 1,059 1,015 12,306
Solvent Prediction Mol-Instruction (Fang et al.) 70,988 7,694 7,793 86,475
Downstream Paradigm I1: Mol2Text (Cross-modal Translation)

Description Q&A PubChem (Kim et al., 2023) 56,885 1,000 1,000 328,675
Experimental Procedure OpenReaction(Lowe, 2017) 120,811 - 26,977 147,788
Downstream Paradigm I1I: Mol2Num (Quantitative Reasoning)

QMO Property Prediction QMO (Fang et al.) 110,000 10,000 10,831 130,831
Yield Prediction (Buchwald) YieldBERT (Schwaller et al., 2021) 3,855 - 100 3,955
Yield Prediction (Suzuki) YieldBERT (Schwaller et al., 2021) 5,660 - 100 5,760

* BLEU-4 (B-4) (1): Measures the precision
of n-grams (up to 4-grams), evaluating the
fluency and adequacy of the generated text by
checking for co-occurring word sequences.

ROUGE (R) (1): We report three variants
to measure recall. ROUGE-1 (R-1) and
ROUGE-2 (R-2) compute the overlap of uni-
grams and bigrams, respectively. ROUGE-L
(R-L) is based on the Longest Common Sub-
sequence (LCS) and captures sentence-level
structural similarity.

METEOR (M) (1): A more advanced metric
that creates an alignment between the gener-
ated and reference texts, considering not only
exact matches but also stems and synonyms
for a more semantically-aware evaluation.

Property Prediction (Regression). For the quan-
titative prediction of quantum properties, we evalu-
ate the model’s accuracy on HOMO energy, LUMO
energy, and the HOMO-LUMO Gap.

* Mean Absolute Error (MAE) ({): We report
the MAE for each property (HOMO, LUMO,
GAP) to measure the specific prediction er-
ror for each task. We also compute the Aver-
age MAE (Avg. MAE), which is the mean of
these three MAE values, to provide a single,
overall performance score.

R-squared (R?) (1): As a complementary
metric, the coefficient of determination mea-
sures the proportion of variance in the target
properties that is explained by the model, serv-
ing as a statistical indicator of the goodness of
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fit between the predicted values and the actual
ground truth.

A.3 Implementation Details

MolRA is built upon the frozen Vicuna-7B back-
bone, utilizing a frozen MoleculeSTM as the GNN-
based graph encoder with a 300-dimensional em-
bedding space. The primary trainable component
is our proposed Adaptive Weight Generator (AW-
Gen), which is specifically designed to produce
instance-specific updates through a query-based
distillation mechanism. The architecture of AW-
Gen consists of N = 8 decoder blocks and k = 4
learnable molecular queries. The generated low
rank updates, with a rank of r 64 and «
64, are injected into the self-attention matrices
(W4, Wi, W, W,) as well as the feed forward
network (FFN) projections (f). To ensure training
stability, the linear projection heads within AW-
Gen are zero-initialized. We employ the AdamW
optimizer to minimize the standard cross-entropy
loss for text generation. All models are trained in
bfloat16 precision on 8 NVIDIA A800 GPUs. The
detailed training configurations for each molecular
task category are summarized in Table 6.

B Additional Ablations

B.1 Analysis of Modulation Behavior

We analyze the impact of the depth of the Adaptive
Weight Generator by varying the number of trans-
former blocks (V). As shown in Table 7, perfor-
mance consistently improves as N increases from
2 to 8 across all metrics. This suggests that shal-
low configurations lack sufficient expressive ca-



Table 6: Implementation details for our MolIRA model.

Configuration MolRA
Molecule Encoder MoleculeSTM
Molecule Emb. Dim. 300

LLM Base Vicuna-7B
MolIRA Injection Targets g, k,v,o0,f
MolRA-Rank (7) 64
MolRA-Alpha (o) 64
MAW-Gen Blocks (V) 8
Molecular Queries (k) 4
Training Hyperparameters

Epochs 15
Optimizer AdamW
Batch Size 96 (Global)
Learning Rate 2e-5

LR Scheduler Cosine
Warm-up 3% of total steps
Weight Decay 0.0
Precision bfloat16
GPU Usage 8 NVIDIA A800s

pacity to fully capture molecular structural cues.
When increasing N beyond 8, the performance
gain saturates or slightly degrades, likely due to
over-parameterization. Therefore, we adopt N = 8
as the default setting, which achieves the best over-
all performance on both forward prediction and
retrosynthesis tasks.

B.2 Hyperparameter Sensitivity of MolRA’s
Rank

We investigate the impact of the rank r of the gen-
erated molecule-aware weights on the model per-
formance across four diverse chemical reasoning
tasks: Forward Reaction, Retrosynthesis, Reagent
Prediction, and Catalyst Prediction. As illustrated
in Figure 6, we observe a consistent trend where
performance peaks at » = 64 across all metrics.
Specifically, lower ranks (r = 16, 32) appear to
lack sufficient capacity to encode complex molecu-
lar features, leading to underfitting; conversely, in-
creasing the rank to 128 yields diminishing returns
or slight degradation, likely stemming from over-
fitting or optimization difficulties. Based on these
empirical findings, we adopt = 64 as the default
configuration for MolRA, striking an optimal bal-
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Table 7: Effect of the number of transformer blocks (V)
in the Adaptive Weight Generator . Performance is re-
ported on forward reaction prediction and retrosynthesis
tasks.

Forward Retrosynthesis
Blocks (V) Exactt BLEU{T Exactt BLEU?T
2 0.663 0.967 0.493 0.928
4 0.645 0.969 0.508 0.944
8 0.697 0.985 0.533 0.957
16 0.689 0.980 0.530 0.955
Forward Retrosynthesis
0.70 M 0.53 V-
ﬁ °
g 0.68 o 0.52
= P L0514,
0.66
16 32 64 128 16 32 64 128
LoRA rank LoRA rank
Reagent Catalyst
o V- WV °
g 017 * .| o7 :
g
=
0.16 0.70
16 32 64 128 16 32 64 128
LoRA rank LoRA rank

Figure 6: Impact of MolRA molecule-aware weights’
rank on task performance. Mean performance metrics
averaged over four chemically diverse tasks with rank
r € {16, 32,64, 128}. Yellow triangles denote the best-
performing rank for each metric.

ance between representational expressiveness and
parameter efficiency.

C Theoretical Efficiency Analysis of
MolRA

By maintaining zero graph tokens in the LLM in-
put, MolRA decouples the computational cost of
the backbone model from molecular complexity.
We analyze the resulting efficiency gains through
a theoretical FLOPs comparison, which is con-
sistent with the empirical inference efficiency re-
sults reported in the main paper. For conventional
molecular MLLMs based on input-space align-
ment (e.g., PRESTO), the computational complex-
ity of a transformer layer can be expressed as
24(L+C)dh*+4(L+C)*dh, where L denotes the
number of graph tokens, C' the number of text to-
kens, d the hidden dimension, and A the number of
attention heads. The quadratic term arises from self-



attention over the combined graph—text sequence.
In contrast, MolRA eliminates graph tokens from
the input sequence, reducing the backbone com-
plexity to 24Cdh? + 4C?dh. The additional cost
introduced by MoIRA corresponds to a one-time
generation of low-rank molecule-aware weights,
with complexity 24krh?, which is independent of
molecular size and negligible compared to the back-
bone computation.

D Prompts and Case Studies

This section details the specific prompt templates
and input-output formats used across various down-
stream tasks. For all tasks, the molecular graph
information is encoded via the MolRA stream to
modulate the LLM parameters (AW), while the
textual instructions follow the Vicuna chat tem-
plate.

MoIRA Chat Template Architecture The
MolRA architecture employs a dual-stream mech-
anism to strictly separate parameter modulation
from textual interaction. Unlike standard multi-
modal LLMs that inject visual tokens into the con-
text window, MolRA utilizes Stream A for pa-
rameter modulation, where the molecular graph
is processed by the encoder and AW-Gen mod-
ule to generate dynamic weights (AW). Stream
B handles the textual interaction using the stan-
dard Vicuna chat template. As illustrated below,
the <molecule> token acts solely as a sentinel
marker for alignment during training and is not tok-
enized into the context window, preventing context
pollution.
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Algorithm 1: Pseudocode of MolRA

Input: Training dataset D = {(G;, I, Ai) N
Frozen GNN encoder g(-), Frozen LLM with
parameters 61,1,

Output: Trained AW-Gen parameters 1)

Initialize:
Molecular queries Qieam € R** dmodel
Transformer decoder with NV layers
Projection layer Wic € R%moder X (dim™)
Shared projection W o € R" i
Components to modulate
C = {Wq, Wi, Wy, W,, Ws} across Lagap layers

for epoch = 1 to E do
for batch (G,I,A)in D do

// Step 1: Encode molecular
graph

Hg « g(9)

// Step 2: Cross-attention
distillation

Q — Qlearn

for! =1to N do
Q < SelfAttention(Q)
Q <+ CrossAttention(Q, Hg)

Q + FFN(Q)
Qoul — Q ;

// Step 3: Generate low-rank
weight updates
for layer i = 1 to Lygup do
for component c € C do
Qi,c <~ Qout[i : |C| + C] 5
// Select query
AA; . < Reshape(q;,c - Wre) ;
// Shape: diim X7
Wmol,i,c <~ AAi,c . mej 5
// Shape: dllm X dllm

// Distilled queries

// Step 4: Inject weights
into frozen LLM
for layer i = 1 t0 Lygqy do
for component c € C do
Wicé—W;c+Wholic;
// Parameter
modulation

// Step 5: Forward pass with
adapted LLM

AFLLMadapled(I;{Wz‘,c}); // Only
text input
// Step 6: Compute loss and

update AW-Gen

L+ — Z,‘ill log P(at|la<t, I,G;)
Update 7/) - {Qlearm WFC7 Wproj} USiﬂg
\Js

return Trained AW-Gen with parameters 1)




MolRA’s Chat Template

Stream A: Parameter Modulation (via MolRA)
Inject

LEncoder+ AWON, AW (Dynamic Weights) —— LLM,

gmolecule
Stream B: Textual Interaction

SYSTEM: A chat between a curious human and an artificial intelligence assistant. The assistant
gives helpful, detailed, and polite answers to the human’s questions.

USER: <molecule><\n><instruction> <sep>

ASSISTANT: <prediction> </s>

*Note: <molecule> acts as a sentinel marker for alignment but is not tokenized into the context window. Instead, the

molecule graph modulates LL Mg parameters via AW.

- J

Figure 7: The dual-stream architecture of MolRA. Unlike standard multimodal LLMs, MoIRA separates parameter
modulation (Stream A) from textual interaction (Stream B), ensuring strict adherence to the Vicuna chat template
without context window pollution.

(" )

Case Study: Forward Reaction Prediction

[MoIRA Stream] Reactants — Dynamic Weights:

[C][O] [C] [=Branchl] [C] [=0] [C] [S] [N] [=N] [C] [=Ringl] [Branchl] [C] [C] [C]
. , AW-Gen
[Ringl] [Ringl].[C][O].[Na+1].[0H1-1] — Whol

Text Instruction:
Predict the main product of the chemical reaction corresponding to the provided molecular

graph structure.

MolRA Output (Generated with modulated weights):
[0] [=C] [Branch1] [C] [O] [C] [S][N] [=N] [C] [=Ringl] [Branchl] [C] [C] [C] [Ringl] [Ring1l]

- _J

Figure 8: Case study on the Forward Reaction Prediction task. MoIRA successfully encodes the reactants into
dynamic weights W, guiding the LLM to generate the correct product SELFIES sequence.
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4 )
Case Study: Retrosynthesis Prediction

[MoIRA Stream] Target Product — Dynamic Weights:
[0] [=C] [Branchl] [=Branchl] [C] [C] [C] [C] [Br] [N] [C] [C] [C] [C] [C] [O]

AW-Gen
——— Whol

Text Instruction:
Given the following product, please provide possible reactants.

MolRA Output (Predicted Reactants):
[N] [C][C][C]IC]I[C][O].[O]([=C][Branchl][C][CLl][C]I[C][C][C]I[Br]

- J

Figure 9: Case study on Retrosynthesis Prediction. Given the target product structure, MolRA encodes the molecular
graph into dynamic weights W,,;. The model successfully performs the retrosynthetic analysis, identifying the
correct amine and acyl chloride precursors required to synthesize the target molecule.

4 )
Case Study: Reagent Prediction

[MoIRA Stream] Reaction (Reactants — Product) — Weights:
[C] [C] [C] [=Branchl] [C] [=0] [C1].[O] [C][=C][C] [=C] [C] [Branchl] [C] [F] [=C]

[Ringl] [#Branchl]» [C] [C] [C] [=Branchl] [C] [=0] [0] [C] [=C] [C] [=C] [C] [Branchl]
i AW-Gen
[C] [F][=C] [Ringl] [#Branchl] —— Wl

Text Instruction:
From the provided chemical reaction, propose some possible reagents that could have been

used.

MolRA Output (Proposed Reagents):
[C1][C][C1l].[C][=C][C][=N][C][=C][Ringl] [=Branchl]

- J

Figure 10: Case study on Reagent Prediction. Given the transformation from reactants to product, MolRA infers
the missing chemical context, correctly identifying Pyridine (base) and DCM (solvent) required to facilitate the

acylation reaction.
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4 N
Case Study: Catalyst Prediction

[MoIRA Stream] Reaction (Reactant — Product) — Weights:
[C][C][Branchl] [C][C][N][C][C][C][C][N][Branchl] [#Branch2][C][C][=C][C] [=C]
[C] [=C] [Ringl] [=Branchl] [C] [Ringl] [N]»
. AW-Gen
[C][C] [Branchl] [C] [C][N][C][C][C][C][N][C][Ringl] [Branchl] ——— Wy
Text Instruction:
Can you provide potential catalyst for the following chemical reaction?

MolRA Output (Predicted Catalyst):
[Pd]

- J

Figure 11: Case study on Catalyst Prediction. MolRA analyzes the structural changes between the reactant and
product encoded in W ,,;—specifically the cleavage of the benzyl-nitrogen bond—and predicts Palladium as the
correct metal catalyst.

4 )
Case Study: Solvent Prediction

[MoIRA Stream] Reaction Context — Dynamic Weights:

[C] [C] [=Branchl] [C] [=0] [O] [C] [Branchl] [C] [C] [=0] . [O] [=C] [N] [C] [=C] [C] [=C]
[Branchl] [C] [0] [C] [=C] [C] [=C] [C] [=C] [C] [=C] [Ringl] [O] [Ringl] [=Branchl]»
[C] [C][=Branchl] [C] [=0] [O] [C] [=C] [C] [=C] [C] [=C] [C] [=C] [C] [Ringl] [=Branchl]

. AW-Gen
[=C] [Ringl] [#Branch2] [C] [=C] [N] [C] [=0] ———— W nq

Text Instruction:
Given the following reaction, what are some possible solvents that could have been utilized?

MolRA Output (Predicted Solvent):
[C][=C][C][=N][C][=C][Ringl] [=Branchl]

. J

Figure 12: Case study on Solvent Prediction. MolRA analyzes the reaction transformation (from anhydride/amine
to amide/ester product) encoded in Wy, and correctly identifies Pyridine as the optimal solvent system.
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4 )
Case Study: Molecular Property Prediction (Molecular Weight)

[MoIRA Stream] Target Molecule — Dynamic Weights:
[C] [N] [Branchl] [#Branchl] [C] [C] [=Branchl] [C] [=0] [N] [C] [=Branch1] [C] [=0] [N]

. AW-Gen
[Branchl] [Ring2] [C] [C] [C1] [N] [=0] —— Wiyl

Text Instruction:
Please provide me with the Molecular Weight value of this molecule. Determine the Molecular

Weight value of this molecule. If uncertain, provide an estimate. Respond with the numerical
value only.

MolRA Output:
The Molecular Weight for the input molecule is 221.03 g/mol.

. J

Figure 13: Case study on Molecular Weight Prediction. This task validates the model’s ability to recognize atomic
types and quantities. MolRA injects this structural information via W, allowing the LLM to output the precise
mass (222.63 g/mol) in a natural language format.

4 N
Case Study: Molecular Property Prediction (TPSA)

[MoIRA Stream] Target Molecule — Dynamic Weights:
[C][=C][C][=C][C][=Branchl] [Ring2] [=C] [Ringl] [=Branchl] [C] [=C] [C] [=Branchl]

. , , AW-Gen
[Ring2] [=N] [Ringl] [#Branchl] [C] [=C] [C] [=C] [Ringl] [#Branchl] [N] e
Wmol

Text Instruction:
Please provide me with the Topological Polar Surface Area value of this molecule. Determine

the Topological Polar Surface Area value of this molecule. If uncertain, provide an estimate.
Respond with the numerical value only.

MolRA Output:
The Topological Polar Surface Area for the input molecule is 38.90 A2

- J

Figure 14: Case study on TPSA Prediction. This task requires the model to quantify the polar surface area, a critical
descriptor for drug transport properties. MolRA accurately predicts the value (38.90/3;2) and formats it within a
natural language response.
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4 )
Case Study: Molecular Property Prediction (LogP)

[MoIRA Stream] Target Molecule — Dynamic Weights:

[C] [N] [Branchl] [#Branchl] [C] [C] [=Branchl] [C] [=0] [N] [C] [=Branchl] [C] [=0] [N]
. AW-Gen
[Branchl] [Ring2] [C] [C] [C1] [N] [=0] —— Wl

Text Instruction:
I would like to know the LogP of this molecule, could you please provide it? If uncertain,

provide an estimate. Respond with the numerical value only.

MolRA Output:
The LogP for the input molecule is -1.00.

- J

Figure 15: Case study on LogP Prediction. MolRA evaluates the molecule’s lipophilicity/hydrophilicity ratio by
processing its structural graph into dynamic weights. The model successfully predicts the partition coefficient, a
crucial parameter for assessing drug-likeness and bioavailability.

4 )
Case Study: Molecular Property Prediction (LUMO)

[MolIRA Stream] Target Molecule — Dynamic Weights:
[O] [C][C][C]I[C]IC]I[C][Ringl] [Branchl] [C][Ringl] [=Branchl] [O] [Ringl] [Branchl]

AW-Gen
—_— Wmol

Text Instruction:
Please provide the LUMO energy value for this molecule.

MolRA Output (Predicted Value):

0.0711

(Analysis: Demonstrating high-precision regression capability, MolRA utilizes the molecule-aware weights to
predict the Lowest Unoccupied Molecular Orbital (LUMO) energy directly as a numerical token.)

. J

Figure 16: Case study on the Property Prediction task. MolRA is not limited to text generation; it can also perform
regression tasks. Here, the structural information injected via W, enables the LLM to accurately predict quantum

chemical properties like LUMO energy.
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4 )

Case Study: Reaction Yield Prediction
[MoIRA Stream] Full Reaction Sequence — Dynamic Weights:
CC (=0) O~CC (=0) O~ [Pd] . [C] [C] [C] [=C] [C] [=C] [C] [C] [C] [=C] [C] [=C] [C] ...
AW-Gen
» [C][C][=C][C][=C][C][Branchl] [=C][C][=N][N]... ——— Wy
Text Instruction:
Please provide the yield ratio of the reaction.
MolRA Output (Predicted Yield Ratio):
0.363
. J

Figure 17: Case study on the Yields Regression task. The input includes the full reaction context (reactants, reagents,
and product). MoIRA modulates the LLM to predict a scalar value representing the reaction efficiency (yield ratio).

4 )
Case Study: Molecular Description QA

[MoIRA Stream] Target Molecule — Dynamic Weights:

[C] [Branchl] [=Branchl] [C] [=Branchl] [C] [=0] [O] [N] [C] [=Branchl] [C] [=0] [N]
AW-Gen

——— W

Text Instruction:
What functional groups are present in N-carbamoylglycine?

MolRA Output (Description):
N-carbamoylglycine contains a carbamide functional group (-CONH2) and a carboxyl group
(-COOH).

- J

Figure 18: Case study on the DescriptionQA task. MolRA extracts structural features via the parameter stream
(Wio1) to answer open-ended questions about the molecule’s chemical properties, such as identifying functional
groups.
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-

Case Study: Experimental Procedure Prediction

[MoIRA Stream] Reaction Components — Dynamic Weights:

Reactants ($1$): [C][C][C][S][=Branchl] [C][=0] [=Branchl] [C][=0] [N][C]...
Solvents ($2$): [C][C][C][O][C][Ringl] [Branchl]

Product ($-1%): [C][C][C][S][=Branchl] [C][=0] [=Branchl] [C] [=0] [N][C]...
AW-Gen

_____%‘Aﬂnm

Text Instruction:
Using the given chemical species (reactants, product, solvents, catalysts), outline the detailed
experimental procedure.

MolRA Output (Action Sequence):

A solution was prepared by dissolving compound 1 (21.8 g, 76 mmol) in
solvent 2 (100 mL). Reagent 3 (2.45 equiv.) was then introduced, and the
mixture was stirred at ambient temperature. After completion, the reaction
mixture was concentrated and adjusted to neutral pH using aqueous HCl. The
resulting solids were collected by filtration, washed with water, and

the filtrate was dried over a drying agent. Removal of the drying agent
followed by filtration afforded product —1 (20.10 g).

J

Figure 19: Case study on Experimental Procedure Prediction. In this task, MolRA translates the molecular
structures of reactants and reagents into a sequential, executable laboratory recipe, bridging the gap between
chemical entities and operational actions.
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