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Abstract

Aligning molecular sequence representations (e.g., SMILES
notations) with textual descriptions is critical for applications
spanning drug discovery, materials design, and automated
chemical literature analysis. Existing methodologies typically
treat molecular captioning (molecule-to-text) and text-based
molecular design (text-to-molecule) as separate tasks, relying
on supervised fine-tuning or contrastive learning pipelines.
These approaches face three key limitations: (i) conventional
metrics like BLEU prioritize linguistic fluency over chemical
accuracy, (ii) training datasets frequently contain chemically
ambiguous narratives with incomplete specifications, and (iii)
independent optimization of generation directions leads to
bidirectional inconsistency. To address these issues, we pro-
pose RTMol, a bidirectional alignment framework that unifies
molecular captioning and text-to-SMILES generation through
self-supervised round-trip learning. The framework introduces
novel round-trip evaluation metrics and enables unsupervised
training for molecular captioning without requiring paired
molecule-text corpora. Experiments demonstrate that RTMol
enhances bidirectional alignment performance by up to 47%
across various LLMs, establishing an effective paradigm for
joint molecule-text understanding and generation.

Code & Appendix —
https://github.com/clt20011110/RTMol

Introduction

Understanding molecular sequence representations and en-
abling de novo molecular design constitute fundamental
challenges in cheminformatics and computational chem-
istry (Mouchlis et al. 2021). With molecules expressible as
linear strings through the Simplified Molecular Input Line
Entry System (SMILES) (Weininger 1988), recent studies
have employed large language models (LLMs) for molec-
ular understanding and generation (Li et al. 2024; Zhang
et al. 2024; Sadeghi et al. 2024). These models leverage
vast biochemical knowledge embedded in scientific literature
and hold promise for unifying representation learning across
textual descriptions and molecular structural domains. (See
Appendix A for more related work.)
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Figure 1: Limitations of current molecule-text alignment: (a)
textual metrics ignore chemical fidelity; (b) captions are noisy
or incomplete; and (c) separate modeling fails to enforce
bidirectional consistency.

The critical challenge resides in establishing bidirectional
alignment between molecular sequences and textual descrip-
tions, a prerequisite for robust cross-modal reasoning. Cur-
rent methodologies approach this through two decoupled
tasks: 1) Molecular captioning (molecule-to-text), and ii) Text-
based molecular design (text-to-molecule). Although concep-
tually inverse, existing frameworks optimize these objectives
independently through separate training regimes. Moreover,
the prevailing reliance of current methodologies on super-
vised learning creates a dependency on high-quality paired
datasets and robust evaluation metrics. As illustrated in Fig. 1,
this paradigm introduces three fundamental limitations.

First, evaluation standards for molecular captioning are



often misleading. Metrics such as BLEU (Papineni et al.
2002) and METEOR (Banerjee and Lavie 2005), which are
commonly used to assess generated texts, primarily mea-
sure textual similarity through n-gram overlap. While these
metrics reward fluent and keyword-rich captions, they often
ignore chemical factuality. As a result, captions that achieve
high BLEU/METEOR scores may still misrepresent molec-
ular structures, containing incorrect or misleading chemical
details. Recent analyses, such as those in molecular caption-
ing benchmarks, demonstrate that high-scoring captions may
violate chemical facts, indicating a weak alignment between
textual quality and chemical correctness (Guo et al. 2023).

Second, the quality of existing datasets is problematic.
Many publicly available molecule-text datasets suffer from
ambiguous or incomplete descriptions (Edwards et al. 2022;
Zhou et al. 2024). These descriptions are often generic, failing
to uniquely identify the associated molecule or to describe
key structural features. Using such datasets for supervised
learning in molecular captioning tasks impairs the model’s
ability to generalize reliably during inference.

Third, the lack of bidirectional alignment causes inconsis-
tent understanding. Current training treats molecular caption-
ing and text-based molecular design as separate tasks. Conse-
quently, a model proficient in one often fails when its output
is used as input for the other, leading to fragmented knowl-
edge of molecule-text relationships (Guo et al. 2023). This
inconsistency is a key barrier to unified modeling. Further-
more, achieving this bidirectional alignment is significantly
hindered by the two previously mentioned limitations: the
absence of robust evaluation metrics and large-scale, high-
quality datasets.

To address these challenges, we propose a round-trip learn-
ing framework that unifies molecular captioning and text-
based molecular design into a single training paradigm. The
framework encourages round-trip consistency: the model first
generates a caption from a molecule and then reconstructs the
molecule solely from that caption. The similarity between the
original and reconstructed molecules serves as a reward sig-
nal, directly optimizing for chemically faithful descriptions
and bypassing reliance on noisy labels or purely textual met-
rics. This integrated approach promotes robust bidirectional
alignment between molecular and textual representations.
Our main contributions are:

* We propose a round-trip metric that evaluates captions by
chemical fidelity rather than textual overlap, overcoming
the limitations of conventional metrics.

* We present RTMol, a round-trip reinforcement learning
framework that jointly aligns molecular captioning and
text-based molecule generation.

* Qur framework enables self-supervised training for molec-
ular captioning, reducing reliance on noisy or incomplete
annotations.

* Experiments demonstrate consistent improvements in
both round-trip captioning and text-to-molecule tasks
across various LLM backbones.
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Method
Problem Formulation

Let M denote the space of molecules and T the space of
text descriptions. We consider two conditional probability
distributions:

* pp(y|z), which models the probability of generating a
textual description y € 7 given a molecule z € M.

* ¢4(«'|y), which models the probability of generating a
molecule ' € M given a text descriptiony € 7.

The round-trip process involves first sampling text y ~
po(y|x) given the original molecule z, and then sampling a
reconstructed molecule =’ ~ g4 (z'|y).

To encourage faithful alignment between the molecular
and textual modalities, we aim to minimize the expected
discrepancy between the original molecule = and its recon-
struction x’. This discrepancy is quantified by a distance
function d : M x M — R>(, which measures the structural
difference between two molecules.

Formally, the goal is to learn optimal parameters #* and
¢* such that the expected reconstruction loss over the joint
distribution of («,y, ') is minimized. The sampling proce-
dure follows = ~ p(z), y ~ po(y|z), ' ~ g4(z'|y), where
p(z) denotes the empirical distribution of molecules in the
dataset. The optimization objective is defined as:

(67,¢7) = arg 1511;5[1 Eap(@) ympo (yla) o' ~ao 2’y [, )]

&y
This objective aims to learn a pair of conditional distribu-
tions that effectively align the molecular space M and the
textual space T, by minimizing the loss incurred during the
round-trip process from a molecule to text and back to a
reconstructed molecule.

Round-trip Metric

To evaluate the quality of molecule-text alignment, we in-
troduce the round-trip metric 2. The metric measures how
well the model preserves information after translating the
molecule into text and reconstructing it back into molecular
form. The metric is defined as,

R(9,9) = Evnp(a) g (y12) 0 ~as (a7l [LHd (@, ") = O]&}z’)
where 1 is a boolean indicator function. A higher R means a
higher expectation that the reconstructed molecule 2’ is the
same as the original molecule z, indicating better round-trip
fidelity and stronger alignment between the two modalities.

Round-trip Optimization

We now show that minimizing Eq.1’s objective is equivalent
to maximizing a variational lower bound on the molecular-
textual mutual information.

Let X € M denote a random molecule drawn from p(z),
and let Y € T be the text description corresponding to X,
ie. Y | X ~ py(y | X). Viewing X and Y as two random
variables, the mutual information between X and Y is

I(X,Y;0) = Epa) po(ylo)[L0g po(ylz) —logp(y)].  (3)
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Figure 2: Overview of RTMol. A single LLM serves as both the Captioner and Generator for molecule-text alignment, with their
training alternating cyclically in a complementary manner to reinforce each other’s performance.

Using the Barber-Agakov variational decomposition (Barber
and Agakov 2004), Eq. 3 becomes

I(X,Y0) = H(X) + Ep(a) po (512108 00 (2y)]
+ KL(p([y) || 44 ([y))
> H(X)+E,,(x)pe(mm)[logQ¢($|y)]» @)

where H(X) is the entropy of X and KL(-||-) denotes the
Kullback-Leibler divergence. If g4 is L-Lipschitz with re-
spect to the distance function d defined above, then for some
o > 0, we have

log gg(zly) > E g,y [—oz d(z,z") + C’], 5)

where C' is a constant. (proof in Appendix B). Substituting
Eq. 5 into Eq. 4 yields

I(X,Y50) > H(X)=a ) po(yl0) g (o'l [, s
which concludes the proof. Higher round-trip metrics corre-
spond to smaller distances between original and reconstructed
molecules, creating a theoretically grounded metric through
its direct relationship with the distance function.

Model Architecture

Our framework, as shown in Fig. 2, uses a single large lan-
guage model (LLM) that operates in two complementary
roles:

* Generator (g, (z|y)): converts textual descriptions into
molecules.

* Captioner (pg(y|x)): generates textual descriptions from
molecules.

Unlike traditional methods that train these tasks indepen-
dently, we couple them in a unified training process to es-
tablish consistent bidirectional alignment between molecules
and text.

Generator: Grounding in Chemical Knowledge. The
Generator translates natural language descriptions into valid

') +C,
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molecular SMILES. It is trained using supervised fine-tuning
on paired molecule-text data and optimized to maximize the
reconstruction score .S. The score evaluates three aspects:
o Similarity Sgim(-,-): the similarity of molecular finger-
prints between the original and reconstructed molecules.

* Exact match Sexaet(+,-): whether the reconstructed
SMILES exactly matches the original.

* Validity Syaiq(-): whether the generated SMILES string
represents a chemically valid molecule.

Formally, the reconstruction score is defined as,
if Svali = )
S(x, (E/) _ {0, if S 1d(:L' ) 0

SSiHl(xv xl) + Sexact(x, xl), otherwise,
)
where
Syaia(z') = 1{x’ is valid},
Sexacl(-r, 33/) = ]l{ﬂf = le}, ®

Seim (2, 2") = Tmaccs (@, 2') + Troxit (@, ')

+ TMorgan (l‘, $/).
Here each Tf(x,2") denotes the Tanimoto coefficient (Ba-
jusz, Récz, and Haberger 2015) computed using a specific
chemical fingerprint representation:

@) 0 s
) =56 U ) ©

where f € {MACCS, RDKit, Morgan} : M — 2{0:1.-n}
is a fingerprint function that maps a molecule to a set of
integer feature identifiers. These functions represent molec-
ular structures through MACCS keys (Durant et al. 2002),
RDKit (RDK) path-based fingerprints (Landrum 2024), and
Morgan circular fingerprints (Rogers and Hahn 2010), respec-
tively. We combine three molecular fingerprints to capture
complementary chemical features, including substructures,
physicochemical properties, and topological scaffolds. This
multi-fingerprint similarity metric grounds the Generator’s
understanding in established chemical representations, en-
abling it to serve as a reliable evaluator.



Captioner: Learning via Round-trip Process. The Cap-
tioner learns to describe a molecule with natural language.
Critically, its training is unsupervised concerning textual
labels: instead of matching reference captions, the Captioner
learns through a round-trip interaction with the Generator. For
a given molecule z, the Captioner first samples a description
y ~ pe(y|x), which is immediately passed to the Generator
to reconstruct a molecule ' ~ g4(z'|y). The Captioner’s
objective is to maximize the reconstruction score defined in
Eq. 7 between x and 2/, directly rewarding captions that pre-
serve chemically relevant information. This self-consistency
training bypasses the limitations of ambiguous or low-quality
text labels, driving the model to produce descriptions that are
both precise and informative for reconstruction.

Training Strategy

Choice of Optimization Algorithm. We optimize our
model using reinforcement learning (RL) due to the non-
differentiable nature of our objective. The final reconstruc-
tion score S defined in Eq. 7 involves components such as
chemical validity checks and exact SMILES string matches,
which cannot be optimized with standard backpropagation.
We therefore frame the task as an RL problem, where the
Captioner acts as a policy network. It generates textual de-
scriptions (actions) to maximize an expected reward signal.
For the optimization itself, we employ the Group Relative
Policy Optimization (GRPO), (see Appendix C) which is
well-suited for this rule-based reward setup.

Choice of Reward Function. Directly using the final
round-trip metric R(6, ¢) defined in Eq. 2 as the sole reward
is ineffective, particularly in the early stages of training. The
initial, untrained Captioner backbone frequently generates
syntactically invalid SMILES strings and produces captions
that result in a reconstruction score of zero. Such a sparse and
uninformative reward signal fails to provide a meaningful gra-
dient for optimization. As shown in Eq. 7, we include validity
checking to enforce the Captioner to generate valid SMILES
strings and a similarity reward to make the reward landscape
smoother, providing a continuous optimization gradient even
when an exact molecular match is not achieved.

Coupled Training. The Captioner and Generator are
trained in a closed-loop process. Crucially, the Generator
acts as an evaluator for the Captioner’s output, creating a de-
pendency: the Captioner’s improvement is directly dependent
on the Generator’s feedback. While the Generator’s train-
ing remains independent of the Captioner’s outputs, the two
models are trained in parallel to prevent degradation of the
Generator’s core text-to-molecule capability. This ensures the
Captioner consistently learns from a stable, proficient evalu-
ator, which is essential for refining molecular-textual align-
ment. The training pseudo-code is provided in Appendix D.

Experiments

Experimental Setup

Dataset. Our primary experiments use the ChEBI-20
dataset (Edwards, Zhai, and Ji 2021) (33,010 molecule-text
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pairs), with a standard 8:1:1 random split for training, val-
idation, and testing. For fair comparison, main evaluations
follow prior work by using a 100-sample benchmark test
set (Zhao et al. 2024). We additionally evaluate on two
external datasets, L+M (Edwards et al. 2024) and Mol-
Instruction (Fang et al. 2024). While Mol-Instruction shows
high overlap with ChEBI-20 (88.9%), L+M suffers from un-
derspecified textual descriptions. To prevent data leakage,
we remove overlapping samples, yielding filtered versions
L+M-F (180,178 pairs) and Mol-Instruct-F (239,659 pairs).

Baselines. We benchmark our model against two cate-
gories of baselines: 1) General-purpose LLMs: GPT-40 (Ope-
nAl, Achiam et al. 2024), Gemini-2.5-Flash (Comanici,
Bieber et al. 2025), Qwen-3-8B (Yang, Li et al. 2025),
and DeepSeek-V3 (DeepSeek-Al, Liu et al. 2024); and
2) Domain-specific models: ChemT5-0.2B (Christofidel-
lis et al. 2023), ChemDFM-8B (Zhao et al. 2024), and
ether0 (Narayanan et al. 2025). For the RTMol framework,
we implement three variants using Qwen-3-8B (Qwen3),
ChemT5-0.2B (ChemTS5), and ChemDFM-8B (ChemDFM)
as base models.

Training Details and Metrics. LLMs are trained follow-
ing the process described in Section Method. We evaluate
model performance using (1) Chemical metrics focus on as-
sessing the quality of molecular outputs. We use the same
metrics defined in Eq. 8. (2) Textual metrics assess the qual-
ity of generated natural language descriptions, and we can
also apply them to molecular outputs. We report BLEU and
METEOR, two widely-used generation metrics that measure
n-gram overlap and semantic similarity between the gener-
ated and reference texts. Additional implementation details
and prompts are provided in Appendix E.

Round-trip Molecular Captioning

Table 1 presents round-trip evaluation results. General-
purpose LLMs like GPT-40 and Gemini-2.5-Flash perform
poorly on chemical structure recovery metrics (MACCS,
RDK, Morgan), indicating that strong general reasoning ca-
pabilities fail to ensure reliable molecular understanding in
generative tasks.

Crucially, integrating RTMol consistently enhances perfor-
mance across all backbones. With ChemDFM, exact match
improves by roughly 47%, validity by 9%, and Morgan simi-
larity by 31%. Similar gains are observed for ChemT5 and
Qwen, demonstrating that RTMol is model-agnostic and
broadly effective. These improvements extend beyond chem-
ical metrics to textual alignment (BLEU, METEOR), reflect-
ing enhanced bidirectional molecule-text understanding.

Among the three backbones evaluated, ChemDFM
achieves the largest performance gains, followed by Qwen3,
with ChemT5 showing the least improvement. This trend can
be attributed to the characteristics of each model. Qwen3,
being a general-purpose language model, benefits from the
introduction of chemical rewards and round-trip training but
remains limited by its lack of domain-specific knowledge, re-
sulting in comparatively lower overall performance. ChemTS5,
in contrast, is domain-specific but significantly smaller (0.2B
parameters). Its limited capacity leads to overfitting on the



Model Exact(%)1 Validity(%)T MACCST RDK{ MorgantT BLEU{t METEOR?
Baselines Chemical metrics Textual metrics
GPT-40 3.0 72.0 0.541 0.384 0.209 0.425 0.548
DeepSeek-V3 3.0 85.0 0.704 0.521 0.343 0.575 0.694
Gemini-2.5-Flash 17.0 40.0 0.374 0.343 0.293 0.597 0.565
ether0 4.0 71.0 0.385 0.291 0.198 0.280 0.405

Round-trip training
Qwen3 7.0 60.0 0.409 0.326 0.234 0.392 0.569
Qwen3 + RTMol 9.0 92.0 0.580 0.409 0.274 0.465 0.581
ChemT5 12.0 86.0 0.691 0.605 0.482 0.595 0.695
ChemT5 + RTMol 14.0 87.0 0.699 0.613 0.486 0.590 0.701
ChemDFM 19.0 90.0 0.669 0.579 0.457 0.603 0.734
ChemDFM + RTMol 28.0 98.0 0.826 0.729 0.597 0.722 0.812

Table 1: Benchmark results of different models in round-trip evaluation using generated descriptions. The best results are

highlighted in underline for each model.

Model Exact(%)1 Validity(%)T MACCST RDK{T MorganT BLEUT METEOR7?T
Baselines Chemical metrics Textual metrics
GPT-40 5.0 75.0 0.593 0.432 0.277 0.427 0.555
DeepSeek-V3 18.0 86.0 0.764 0.618 0.468 0.530 0.674
Gemini-2.5-Flash 16.0 69.0 0.635 0.551 0.441 0.605 0.662
etherQ 5.0 28.0 0.165 0.126 0.096 0.121 0.234

Round-trip training
Qwen3 2.0 53.0 0.290 0.180 0.106 0.187 0.432
Qwen3 + RTMol 3.0 88.0 0.469 0.281 0.142 0.283 0.465
ChemT5 12.0 89.0 0.753 0.636 0.508 0.519 0.691
ChemT5 + RTMol 13.0 90.0 0.765 0.648 0.524 0.518 0.694
ChemDFM 24.0 96.0 0.864 0.755 0.620 0.797 0.903
ChemDFM + RTMol 54.0 99.0 0.936 0.889 0.800 0.903 0.924

Table 2: Benchmark results of different models for the text-based molecular design task using reference descriptions. The best

results are highlighted in underline for each model.

available datasets and leaves less room for improvement un-
der our framework. ChemDFM combines a large model size
with extensive pre-training on chemical data, making it well-
suited to our round-trip optimization. As a result, it not only
achieves the highest baseline performance but also exhibits
the largest gains when enhanced with our method.

These findings highlight the value of round-trip evalua-
tion as a more faithful measure of caption quality than tra-
ditional text-only metrics. Cases in Fig. 3 further illustrate
how RTMol promotes chemically accurate and semantically
informative descriptions.

Reference Text-based Molecular Design

We further evaluate all models using reference molecular
descriptions from the ChEBI-20 dataset (Table 2). Compared
to round-trip generation, performance generally improves, re-
flecting the benefit of high-quality textual input. For example,
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ChemDFM+RTMol achieves an 18% increase in RDK simi-
larity. The only exception is ChemT5, which shows marginal
change. Despite these gains, most LLMs still struggle to fully
recover molecular SMILES from text. Chemical and textual
scores remain modest, with validity below 90% across base-
lines. This highlights the persistent challenge of achieving
precise molecular understanding and alignment, even when
reference descriptions are clean and informative.

Applying our proposed RTMol consistently improves re-
sults across all backbones. Qwen3 benefits noticeably, while
ChemDFM shows the strongest improvement, with exact
match and Morgan similarity rising by 125% and 29%, re-
spectively. These results show that round-trip training com-
plements LLMs, confirming the effectiveness of our self-
supervised alignment strategy. Finally, we note that such
evaluations depend on the quality and coverage of reference
captions. While ChEBI-20 offers reliable descriptions, other
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Figure 3: Cases of round-trip evaluation from the L+M-F and Mol-Instruct-F datasets. Mistakes and corrections are highlighted

in red and green, respectively.

datasets remain noisy or underspecified. We analyze the im-
pact of description quality in the next section and present
cross-dataset ablation studies to demonstrate the robustness
of RTMol with less informative descriptions.

Addressing Noisy Datasets Through Unsupervised
Captioning

Current molecular captioning approaches rely heavily on su-
pervised learning with paired datasets, making performance
vulnerable to annotation quality. While curated datasets like
ChEBI-20 provide accurate molecule-text alignments, others
like L+M-F and Mol-Instruct-F contain substantial noise, am-
biguity, and generic descriptions. This quality gap severely
impacts downstream performance: Table 3 (“reference” rows)
shows that captions from these noisy datasets yield poor
reconstruction for ChemDFM+RTMol (e.g., L+M-F exact
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match <0.1%, Morgan similarity <0.15), indicating insuffi-
cient structural information.

Our unsupervised approach overcomes this limitation by
generating captions without relying on reference texts. As
shown in Table 3 (“generated” rows), it yields substantial
improvements on L+M-F, with exact match rate increasing
by over 2.5 and fingerprint similarities rising by more than
0.45 across all metrics. Similar gains are observed on both
chemical and textual metrics on both datasets, demonstrating
its effectiveness and robustness across diverse datasets.

Case studies (Fig. 3) demonstrate this qualitatively. Refer-
ence captions are often vague or even incorrect. With RTMol
training, the model can produce accurate and detailed de-
scriptions of input molecules and successfully reconstruct the
original molecules (first and second cases). In other scenar-
ios, it generates generally accurate descriptions that, while



Dataset Exact(%)1 Validity(%)T MACCST RDK{ MorgantT BLEU{ METEORT?T
L+M-F Chemical metrics Textual metrics

reference <0.1 97.4 0.378 0.231 0.142 0.150 0.211

generated 2.7 99.9 0.892 0.792 0.624 0.708 0.750
Mol-Instruct-F

reference 43 97.8 0.604 0.423 0.196 0.288 0.471

generated 2.6 99.9 0.676 0.486 0.245 0.358 0.520

Table 3: Molecular design task using reference and generated descriptions on L+M-F and Mol-Instruct-F datasets with
ChemDFM+RTMol. The best results are highlighted in underline for each dataset.

Model Dataset Exact(%)T Validity(%)T MACCST RDK?T Morgant BLEUT METEOR*T
ChemDFM Chemical metrics Textual metrics
without RT ChEBI-20 30.0 94.0 0.791 0.702 0.571 0.712 0.801
text. with RT ChEBI-20 26.0 96.0 0.814 0.720 0.583 0.735 0.823
chem. with RT (ours) ChEBI-20 28.0 98.0 0.826 0.729 0.597 0.722 0.812
without RT L+M-F 1.2 96.6 0.839 0.741 0.577 0.669 0.721
with RT (ours) L+M-F 13 99.8 0.860 0.778 0.620 0.674 0.720
without RT Mol-Instruct-F 2.1 82.7 0.513 0.360 0.162 0.348 0.517
with RT (ours) Mol-Instruct-F 1.3 99.5 0.615 0.435 0.202 0.328 0.498

Table 4: Ablation in round-trip evaluation using generated descriptions. The best results are highlighted in underline for each

dataset.

not exact, still enable reconstruction of molecules with high
structural similarity to the input. In the third case, our method
accurately reconstructs the mixture’s principal active compo-
nent, which is the key ingredient in antidepressant formula-
tions. The case achieves similarity above 0.8 across all three
descriptors, with the RDKit fingerprint yielding particularly
high values (>0.95).

Unlike prior works, our method also provides a diagnostic
application: the round-trip metric identifies high-confidence
captions within noisy datasets (L+M-F, Mol-Instruct-F), en-
abling dataset curation (see Appendix F). This demonstrates
our approach’s dual role in both improving generation and
evaluating dataset quality.

Ablation Studies

To assess the contribution of each component in RTMol,
we perform ablation studies under two configurations: (1)
Reward signal: Replace the chemically grounded rewards
(similarities) with purely textual metrics (BLEU and ME-
TEOR). (2) Round-trip objective: Remove the round-trip con-
sistency loss and train only with unidirectional supervision
(text-to-molecule and molecule-to-text). We then compare
performance across multiple datasets to assess the impact of
this objective. Results in Table 4 reveal two key findings:

Importance of Chemical Rewards. Substituting chemical
similarities with textual metrics consistently degrades chem-
ical fidelity (e.g., Morgan similarity drops about 2.3% on
ChEBI-20). While BLEU and METEOR scores remain com-
parable, chemically aware rewards better capture structural
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correctness, underscoring their necessity for molecule-text
alignment.

Effect of Round-trip Consistency. Removing the round-
trip objective leads to lower validity and similarity across
various datasets. For instance, validity decreases by approxi-
mately 4.1%, 3.2%, and 16.9% on ChEBI-20, L+M-F, and
Mol-Instruct-F, respectively. Similarly, Morgan similarity
drops by about 4.4%, 6.9%, and 19.8% on these datasets.
This confirms that enforcing cycle consistency improves bidi-
rectional alignment and yields more accurate reconstructions.

Overall, both chemically grounded rewards and round-
trip consistency are indispensable components for achieving
robust, generalizable alignment between molecules and text.

Conclusion

We present RTMol, a reinforcement learning framework that
unifies molecular captioning and text-based molecular design
through round-trip consistency. Unlike prior approaches that
train these tasks separately and rely on text-centric evaluation,
RTMol directly optimizes for chemical fidelity by rewarding
accurate reconstruction. This formulation addresses noisy
captions, misleading metrics, and fragmented bidirectional
alignment. Experiments on multiple datasets demonstrate
that RTMol consistently improves round-trip scores while
generating higher-quality molecule-text pairs, demonstrating
its adaptability to diverse pre-trained language models. In fu-
ture work, we plan to extend RTMol to multi-modal chemical
data (e.g., 3D structures, spectra) and downstream tasks such
as drug discovery and reaction planning.
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