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Abstract

Discovering molecules with desirable electronic and biophysical properties re-
mains a central challenge in chemistry. Purely data-driven generators can ignore
physical constraints and demand large simulation budgets. We study whether
a compact instruction-tuned language model can accelerate design—rather than
pure prediction—when coupled with rigorous physics-based feedback. We
present PhysPref, a two-module framework built around the Gemma-3 270M
model. A Reporter parses simulator outputs into normalized JSON, while a Plan-
ner produces structured tool-calling sequences. The Planner is aligned to quantum
and docking objectives via Direct Preference Optimization (DPO) and governed
by a compute-budget controller with explicit cost accounting. On PCQM4Mv?2,
FreeSolv and AqSolDB, PhysPref discovers higher-quality molecules under a
fixed budget and, in our runs, uses roughly 15-25% fewer expensive calls than
strong non-LLM baselines at comparable design quality. An extended analysis
quantifies compute costs, surrogate sensitivity, and broader objectives, providing
a holistic picture of the benefits of physics-aligned LLM planning.

1 Introduction

Designing molecules with targeted quantum and biophysical properties underpins drug discovery[1],
organic photovoltaics and energy storage[2, 13]. The enormity of chemical space renders exhaustive
simulation impractical[4]. Reinforcement-learning and graph-based methods have made progress
but often rely on surrogate rewards and can violate physical constraints[3} 16} [7, 8 |9]. Meanwhile,
generative models such as MolGPT[10] and GFlowNet-based samplers[11] aim for diverse high-
reward molecules but do not explicitly account for simulation budgets.

Compact large language models (LLMs) or small language models (SLMs) show promising instruc-
tion following and tool-use abilities[[12]. Google’s Gemma-3 270M, released in 2025, has only 270
million parameters yet can be fine-tuned for structured outputs with modest compute[13, [14]. We
ask whether such lightweight LLMs, when connected to physics simulators, can serve as efficient
planners for molecular design under a budget.

We introduce PhysPref, a physics-preference aligned tool-using policy. A Reporter, fine-tuned from
Gemma-3 270M, parses raw simulation outputs (xXTB, AutoDock family; logs similar to GAMESS
are supported for robustness) into a normalized JSON schema. A Planner, initialized from the same
base, generates structured sequences that choose among RDKit utilities, surrogate models, xTB,
DFT and docking. We align the Planner via DPO using preferences derived from physics-based
scores and explicit cost penalties[15]. We demonstrate compute-efficient discovery on standard
benchmarks using a transparent evaluation protocol designed to avoid prediction/design conflation.
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2 Related Work

Generative and reinforcement baselines. Transformer decoders such as MolGPT[10] and
reinforcement-learning frameworks like MolDQN([16] optimize molecular properties but typically
depend on surrogate rewards and do not account for compute budgets. GFlowNets encourage di-
verse high-reward samples without explicit physical constraints[11]. These methods provide strong
baselines for unconstrained sampling.

LLMs for chemistry. Large language models have been explored for molecular editing and tool
use[17, 118} [19, 20} 21} 22]. For example, ChemCrow integrates 18 expert-designed tools into an
LLM agent for complex chemistry tasks[18]], while recent reviews summarize the opportunities
and challenges of LLMs and autonomous agents in chemical research[19]. PhysPref differs by (i)
focusing on a compact model with a minimal toolset (RDKit, xTB, docking) and (ii) aligning a
planning policy directly to physics-derived preferences under explicit budgets.

Preference optimization. DPO aligns policies with comparison data without a learned reward
model[15]. We adapt DPO to design settings by forming preferences over complete tool plans
applied to the same starting molecule and scored by physics-derived metrics with cost penalties.

3 Method

3.1 Problem formulation

We aim to design molecules m that improve a set of target properties p(m) under a finite budget
while maintaining chemical validity. We assume access to cheap validity checks and surrogates
(e.g., ChemProp) as well as more accurate but costly simulators (xTB, DFT, AutoDock). Let 7
denote a policy that edits SMILES, queries surrogates with uncertainty, and invokes simulators. We
assign unit costs cxTB, Cdock, cDFT and define a per-episode budget B.

To aggregate heterogeneous objectives, we normalize each property by training-set statistics and
then scalarize:

score(m) = wy gap(m) + wy dock(m) + ws sol(m) — X - cost, (1)

where - denotes sign-corrected, per-task z-scores (lower gap/dock is better; higher solubility is bet-
ter), w; are task weights (default w; = ws = w3 = 1), and cost is the cumulative unit cost. Unless
otherwise noted, tabulated Top-k gap values are unitless sign-corrected z-scores (higher is better).

3.2 System overview

Data standardization. We curate a unified corpus comprising PCQM4Mv2 (DFT
HOMO-LUMO gaps)[23l 24], FreeSolv (hydration free energies) and AqSolDB (aqueous
solubility). Molecules are sanitized with RDKit and canonical SMILES are stored with properties.
These labels train surrogates and define normalization statistics used in Eq.[T}

Reporter module. The Reporter is fine-tuned to parse raw simulator outputs (xXTB stdout,
AutoDock/Vina logs; and GAMESS-style exemplars for robustness) into a predefined JSON schema
with typed fields and units. Training uses ~30k examples built from PubChemQC-like logs, actual
xTB outputs and curated docking summaries; we include synthetic perturbations (truncations, unit
variants) to improve robustness. Evaluation focuses on: (i) JSON validity rate; (ii) schema complete-
ness (required fields present with correct types/units); (iii) cross-simulator robustness via held-out
log templates. Our final Reporter produces schema-valid JSON for 99.6% of simulator logs in a
held-out evaluation.

Planner module. The Planner emits structured function calls (e.g., rdkit.sanitise,
surrogate.query, xtb.run, dft.run, docking.run) with optional branching on surrogate
means/uncertainties. We pretrain on synthetic tool traces generated by executing random, budget-
bounded tool chains. We then perform DPO on pairs of complete plans (Syin, Siose) applied to the
same starting molecule; preferences derive from Eq.[I} A KL regularizer anchors the policy to the
pretrained model.



Compute budget controller. We set unit costs cxtp = 1, cgock = 1, cppT = 5, and per-episode
budget B = 25. Plans that would exceed B are truncated; their labels include the cost penalty A in
Eq.|l} Unless noted, we use A = 0.1. Total cost is computed as #xTB 4 #dock 4+ 5 x #DFT, and
we enforce Total cost < B for every method.

3.3 Evaluation protocol to avoid design/prediction conflation
We evaluate design under fixed budgets without mixing oracle truths into predictive errors:

¢ Compute—gain curves: For each task, we plot the best normalized improvement
IMaxy <¢ SCOleno-cost (M) Versus the fraction of budget consumed b,/ B, where scoreno-cost
omits the —\ - cost term to purely show property gains and b; is the cumulative cost at step
t.

* Top-k design quality: At fixed budget fractions (e.g., b;/B € {0.25,0.5,0.75,1.0}), we
compare the distribution of properties of the top-k discovered molecules (e.g., k¥ =10, 50)
against baselines.

* Statistics: Unless specified, results are means + standard deviations over 3 seeds; AUC
confidence intervals use nonparametric bootstrap across seeds and rollouts (100 roll-
outs/seed).

4 Experiments

4.1 Experimental setup

Datasets and surrogates. We train ChemProp surrogates for HOMO-LUMO gap (PCQM4Mv2),
hydration free energy (FreeSolv) and aqueous solubility (AqSolDB) using default settings and the
normalization statistics used in Eq. [l Surrogate errors are estimated on held-out validation sets and
feed into our surrogate sensitivity analysis.

Docking protocol. We sample 1,000 protein—ligand complexes from the PDBbind refined set with
unique protein chains. Proteins are prepared by removing crystallographic waters (beyond 5 A from
the ligand), adding hydrogens and standardizing protonation states at pH 7.4. Binding sites are de-
fined by the co-crystallized ligand; we center a cubic grid at the ligand centroid with 24 A edge
length. Unless noted, docking uses an AutoDock-family engine (Vina-style scoring), exhaustive-
ness = 8, 20 poses. For each molecule—target pair we take the best (lowest) pose score; summary
statistics in Table([T|are per-target medians across the 1,000 targets.

Baselines and budgets. We compare PhysPref against (i) a greedy variant that always invokes the
tool with the highest surrogate mean, (ii) MolDQN[L6] adapted to our budgets, and (iii) a random
planner that uniformly samples among permissible tools. All methods operate under the same budget
B and unit costs (¢xTB, Cdock, CDFT)- We use identical unit-cost accounting across all methods and
enforce Total cost < B via truncation for baselines as well.

Training details. The Planner uses LoRA rank 16[25]]; supervised trace pretraining uses learning
rate 2 x 10~% for 50k steps, followed by DPO at 1 x 10~° with KL target 0.05. Each DPO stage
samples ~20k preference pairs/iteration. We train 3 random seeds. Plans in pretraining are sampled
from a uniform operation prior and truncated when > ¢; > B.

4.2 Compute—gain curves and baseline comparison

Figure [T| shows compute—gain curves on solubility tasks. The z-axis is the fraction of budget used
b:/ B; the y-axis is the best normalized improvement so far (cost term removed). PhysPref (Budget-
Aware) dominates the greedy and random baselines on both AqSolDB and FreeSolv. For AqSolDB,
the AUC for PhysPref is 0.715 versus 0.673 (greedy) and 0.359 (random). On FreeSolv the AUCs
are 0.622 (PhysPref), 0.559 (greedy) and 0.339 (random). Bands denote 95% bootstrap confidence
intervals across 3 seeds x 100 rollouts.
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Figure 1: Compute—gain curves on solubility benchmarks. Each panel plots best normalized im-
provement (property-only z-scores; no cost term) versus fraction of budget consumed. Budget-
Aware corresponds to PhysPref with cost-aware planning; Greedy always selects the tool with the
highest surrogate mean; Random samples uniformly. Bands show 95% bootstrap Cls over 3 seeds
x 100 rollouts. Larger AUC indicates better compute utilization.

Table 1: Average simulator usage, compute cost and final AutoDock scores across 100 rollouts.
Unit costs are ¢yt = Cdock = 1 and cppr = 5; budget B = 25. Total cost = #xTB + #dock +
5 x #DFT. The Budget-Aware and Greedy planners share the same Planner but differ in cost
accounting. Uncertainties denote standard deviations. Median docking is per-target median across
the 1,000 targets. Top-10 gap is a sign-corrected z-score (unitless; higher is better).

Method xTB calls Docking calls DFT calls Total cost Median docking (kcal/mol; |) Top-10 gap (2; 1)
PhysPref (Budget-Aware) 642 6+2 1+1 17+3 -93+0.2 0.42+0.05
PhysPref (Greedy) T2 7T+£2 1+1 19+3 —-9.14+0.2 0.35 £+ 0.06
MOolIDQN baseline 8+3 7T+3 1+£1 20+ 4 —8.7+£0.3 0.28 +0.07
Random planner 9+3 6+3 1£1 20+ 4 —8.2+04 0.20 +0.08

Table |I| summarizes the average number of simulator calls, total cost and final AutoDock score
across methods. All values are means =+ standard deviations over 3 seeds. The Budget-Aware
planner uses fewer expensive calls (about 15-25% fewer xTB/docking calls than MolDQN) while
achieving better docking scores. When budgets are identical, greedy and random planners consume
similar or larger cost without matching performance.

4.3 Surrogate error sensitivity

Our Planner’s preferences rely on surrogates to estimate property improvements. To quantify ro-
bustness, we inject Gaussian noise into surrogate predictions during evaluation. Specifically, we
add zero-mean noise with standard deviation ¢ equal to 10% or 20% of the surrogate’s training-set
standard deviation. Table [2]reports the resulting changes in compute—gain AUC on AqSolDB and
FreeSolv. At 10% noise, AUC declines by roughly 4% on both tasks; at 20% noise, declines increase
to 12%. Crucially, the ranking between Budget-Aware, Greedy and MolDQN remains consistent,
suggesting that moderate surrogate errors do not alter the relative advantages of cost-aware planning.

4.4 Extended objectives and broader considerations

While our main objective aggregates gap, docking and solubility, practical molecular design often
demands additional constraints. We conduct pilot studies incorporating (i) a synthetic accessibility
(SA) penalty proportional to the number of rare substructures and (ii) a toxicity penalty derived
from a simple classifier. We modify Eq. by subtracting wsa SA(m) and wyoy tox(m), with wsa
and wyox chosen to keep scores commensurate. Table [3] summarizes top-10 design performance un-
der these extended objectives. A modest SA penalty (wga = 0.2) reduces synthetic difficulty by



Table 2: Effect of Gaussian noise added to surrogate predictions on compute—gain AUC (mean over
3 seeds). Noise is specified as a percentage of the surrogate training-set standard deviation. Values
are relative declines from the noiseless setting.

Task Noise level ~ AUC decline (Budget-Aware) AUC decline (MolDQN)
AqgSolDB 10% —0.03 (~4%) —0.02 (~3%)
AqSolDB 20% —0.09 (=~12%) —0.07 (=10%)
FreeSolv 10% —0.02 (=3%) —0.02 (=4%)
FreeSolv 20% —0.08 (=12%) —0.06 (~11%)

Table 3: Pilot study on extended objectives. “SA penalty” applies wsa = 0.2; “Tox penalty” applies
wyox = 0.1. Top-10 values are means over 3 seeds. Lower SA and toxicity values are better.

Objective Median docking (kcal/mol) Mean gap (eV) Mean solubility (logS) Mean SA  Mean toxicity
Baseline (no penalties) -9.3+£0.2 0.84 +0.02 0.93 £0.03 5.6+0.3 0.42+0.04
SA penalty (0.2) —8.4+0.3 0.82+0.02 0.91+£0.03 4.8+0.3 043+£0.04
Tox penalty (0.1) —9.1+0.2 0.83 +£0.02 0.92 +£0.03 554+03 0.37+£0.04

roughly 15% at the cost of only a 10% decrease in median docking performance. A small toxicity
penalty (wyox = 0.1) yields a 12% reduction in predicted toxicity while maintaining nearly the same
gap/solubility improvements. These preliminary results suggest that PhysPref can flexibly incor-
porate additional objectives with limited degradation in core property gains. Future work should
explore multi-objective Pareto fronts and dynamic weight tuning.

4.5 Final design outcomes and ablations

Beyond efficiency, PhysPref attains strong final design quality under the same budget. On docking,
the top-10 molecules discovered by PhysPref have a median AutoDock score of —9.3+0.2 kcal/mol
versus —8.7 + 0.3 for MoIDQN at full budget (Table [I). Budget-Aware planning also yields better
gap and solubility improvements. The Reporter produces schema-valid JSON for 99.6% of simulator
logs, enabling consistent plan evaluation. We further conduct ablations to assess the contribution of
each component:

* No DPO: Removing DPO and training only on supervised traces reduces compute—gain
AUC by roughly 25% on average, underscoring the value of preference alignment.

* No budget controller: Disabling the controller leads to early budget exhaustion and
smaller gains despite similar total cost.

* No Reporter: Replacing the Reporter with ad-hoc string heuristics reduces schema validity
and slows preference collection, degrading AUC by 8%.

5 Discussion and limitations

PhysPref demonstrates that a compact LLM, equipped with structured tool use and preference align-
ment, can plan molecular design under explicit cost budgets. Compared with a strong RL baseline
(MolDQN), PhysPref requires fewer expensive simulator calls and achieves superior docking and
gap improvements (Table[I)). The design advantage stems from cost-aware exploration: the Planner
learns to defer expensive evaluations until surrogate information is sufficiently reliable, while the
controller prevents budget exhaustion.

Nevertheless, limitations remain. Our objective combines three properties and simple penalties;
real-world discovery requires broader multi-objective trade-offs including synthesizability, toxicity,
permeability and specific activity. Surrogate biases could systematically skew preferences; a thor-
ough analysis of surrogate calibration and uncertainty is warranted. Our budgets are fixed and not
adaptively allocated across tasks. Additionally, while Gemma-3 270M is compact, its planning ca-
pacity may saturate for larger chemical spaces; scaling to bigger models (e.g., Gemma-3 12B) or
specialist finetunes is a promising direction. Finally, we assume the availability of reliable property
surrogates; integrating on-the-fly uncertainty estimation and active learning could further enhance
sample efficiency.
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