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Abstract

Large Language Models (LLMs) exhibit strong
general reasoning but struggle in molecular sci-
ence due to the lack of explicit priors required
for precise chemical reasoning. Current so-
lutions inject priors into parameters, but this
static coupling hinders rapid knowledge up-
dates and often compromises the model’s gen-
eral capabilities. To address this, we introduce
REAP, a training-free framework that equips
LLMs with an external knowledge base, en-
abling them to reason over retrieved chemical
priors dynamically. REAP implements a struc-
tured reasoning pipeline that autonomously se-
lects relevant priors from our constructed atom-
level knowledge base, retrieves analogue ex-
emplars, and synthesizes these information to
guide the LLM’s decision-making. This archi-
tecture ensures interpretability and adaptability
while preserving the LLM’s intrinsic general
intelligence. Experiments show that REAP out-
performs current reasoning methods and rivals
state-of-the-art training-based models, demon-
strating the effectiveness of our framework.

1 Introduction

LLMs exhibit strong reasoning capabilities and
have already revolutionized logic-intensive do-
mains like recommendation systems (Xin et al.,
2025) and can also be applied to social science (Cui
et al., 2026; Li and Li, 2026). Inspired by this suc-
cess, there is a growing consensus that LLMs hold
immense potential for molecular science. Since
chemical reasoning inherently relies on vast do-
main knowledge and rigorous logical deduction,
LLMs are naturally suited to tackle these chal-
lenges. Consequently, they are envisioned as pow-
erful engines to accelerate discovery in drug design
and material synthesis.

To translate this potential into accurate molec-
ular predictions, the research community has ac-
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tively explored strategies to instill effective chem-
ical reasoning capabilities into LLMs. The most
intuitive strategy is to directly adapt general rea-
soning paradigms to the chemical domain (Xian
et al., 2025; Chen et al., 2025; Zhang et al., 2025b;
Zheng et al., 2025). However, these methods of-
ten suffer from an information bottleneck; by re-
lying on coarse string representations or simple
molecule-level descriptors, they fail to provide the
fine-grained, atom-level priors essential for precise
reasoning. To address this deficit, researchers have
pivoted toward training-based methods, which seek
to inject these missing priors by encoding them di-
rectly into the model’s parameters through domain-
specific training (Cao et al., 2023; Liu et al., 2023c;
Zhang et al., 2024; Su et al., 2022; Luo et al.,
2023). Yet, this paradigm introduces a fundamental
dilemma: it implicitly bakes knowledge into static
parameters, resulting in inherent rigidity where up-
dating knowledge requires retraining and risks for-
getting of the LLM’s general reasoning capabilities.

Consequently, it is better to equip frozen LLMs
with explicit, externalized chemical priors, combin-
ing the precision of domain knowledge with the
flexibility of generalist models. However, this idea
faces two fundamental challenges. First, a repre-
sentation gap: grounded reasoning relies on fine-
grained atomic priors (e.g., charge, local topology)
inherent to the molecular structure, yet no exist-
ing representation explicitly exposes these details.
Second, a reasoning gap: LLMs struggle to distin-
guish chemically meaningful signals from irrele-
vant noise. Without a mechanism to autonomously
select valid evidence, they fail to construct coherent
logical chains from dense raw chemical data.

To address these challenges, we introduce REAP
(Reasoning with Explicit Atomic Priors), an ef-
fective training-free framework that equips LLMs
with an external knowledge base, enabling them
to reason over retrieved chemical priors dynam-
ically. To bridge the representation gap, REAP
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constructs the first atom-level textual knowledge
base by discretizing atoms into tokens, externaliz-
ing fine-grained physicochemical attributes into a
human-readable format accessible to frozen LLMs.
Crucially, to overcome the reasoning gap, we de-
sign a mechanism that helps LLMs select task-
relevant evidence from dense priors. REAP au-
tonomously selects task-relevant priors to focus on
discriminative chemical features, and retrieves sim-
ilar molecules to serve as empirical anchors. By
integrating explicit priors with concrete examples,
it enables the LLM to derive precise, evidence-
based predictions. Empirically, we demonstrate
that this strategy is effective: REAP outperforms
existing reasoning frameworks and rivals or sur-
passes specialized training-based models, proving
that externalized reasoning is a robust alternative
to parametric learning.

In summary, our contributions are threefold:

• We introduce REAP, an effective training-free
reasoning framework that equips LLMs with
an external knowledge base. The framework
enables frozen LLMs to perform precise, in-
terpretable reasoning using explicit priors.

• We construct the first atom-level textual
knowledge base, which externalizes fine-
grained physicochemical priors into a human-
readable format, effectively bridging the gap
inherent in standard linear representation.

• Experiments demonstrate that REAP outper-
forms existing reasoning frameworks and ri-
vals several training-based models, validating
that explicit prior injection is a competitive
alternative to implicit parameter updates.

2 Related Work

Chemical Large Language Models. Recent ef-
forts to equip LLMs with chemical expertise gen-
erally follow two paradigms. The first involves
training-based adaptation, ranging from domain-
specific pre-training on chemical corpora (Zhao
et al., 2024; Liu et al., 2023b) to multi-modal align-
ment where molecular graph features are projected
into the LLM’s embedding space (Cao et al., 2023;
Liu et al., 2023b). Some approaches further ex-
pand the vocabulary to include discrete chemical to-
kens (Zhang et al., 2024, 2025a; Wang et al., 2024).
The second paradigm explores retrieval-augmented
generation, where models retrieve analogues or uti-
lize external tools to aid generation (Xian et al.,

2025; M. Bran et al., 2024; Liu et al., 2024; Lee
et al., 2024). However, training-based methods
suffer from computational costs and parameter
rigidity, while existing RAG approaches often rely
on coarse instance retrieval, lacking the evidence
grounding necessary for precise reasoning.

Reasoning with LLMs. LLM reasoning has
evolved significantly through diverse prompting
and grounding strategies. Foundational paradigms
like Chain-of-Thought (CoT) (Wei et al., 2022;
Kojima et al., 2022) and Tree of Thoughts
(ToT) (Yao et al., 2023; Long, 2023) empower mod-
els to decompose complex tasks into intermediate
steps, while In-Context Learning (ICL) (Brown
et al., 2020; Dong et al., 2024) leverages few-
shot demonstrations to steer reasoning without
parameter updates. To further enhance fidelity,
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020; Guu et al., 2020) and verification-
based frameworks (Dhuliawala et al., 2024; Jiang
et al., 2023) explicitly anchor inference to exter-
nal knowledge. However, the direct application of
these general-purpose strategies to chemistry is lim-
ited, as standard 1D molecular representations lack
the explicit, fine-grained atomic priors necessary to
support such rigorous, evidence-based deduction.

3 Method

We bridge two fundamental gaps that hinder LLMs
in molecular science. To address the representa-
tion gap, we construct the first atom-level textu-
alized knowledge base (Sec. 3.1) by discretizing
physicochemical attributes into tokens for direct
retrieval. To address the reasoning gap, we propose
REAP (Fig. 1), which consists of two modules: a
prior selection module (Sec. 3.3) that selects task-
relevant fields, and an evidence acquisition module
(Sec. 3.4) that retrieves priors and analogues. To-
gether, these modules build a focused, high-quality
input that grounds the LLM’s final inference.

3.1 Atomic Prior Knowledge Base

Effective chemical reasoning requires integrating
priors—fundamental physicochemical attributes
that govern molecular properties (e.g., aqueous sol-
ubility or membrane permeability)—at two granu-
larities. While molecule-level priors are easily com-
puted and provide macroscopic constraints, they
fail to capture the local nuances driving reactivity.
Precise prediction needs fine-grained atom-level
priors such as hydrogen-bonding roles to identify
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(a) Overview of REAP Reasoning Framework

Can this molecule penetrate the blood-brain barrier?
Feature Descriptions:{feature_descriptions}; Molecule Information:{molecule_infomation};
Instance-Specific Analysis:{similar_analysis}
Based on all the information above, please predict whether this molecule satisfies the task.

The query molecule's TPSA=0.00 (well below 70 threshold), LogP=2.303 (within optimal 2-5 range), 
MolWt=106.17 (well below 450 Da), HBA=0, HBD=0 (ideal), FormalCharge=0, and NumRotatableBonds=0 
(favorable rigidity). All atom-level features show zero hydrogen bonding capacity and minimal polarity. The 
similar positive examples have higher molecular weights and more polar features yet still penetrate BBB, while 
negative examples typically have higher TPSA, HBD counts, or polar functional groups. 

(c) Example Inference with Explicit Evidence

Molecule Information:
SMILES: Cc1ccccc1C
Token Sequence: A320 … A77 A240 A320
Molecule Priors:
TPSA = 0.00, LogP = 2.303, MolWt = 106.168,
HBA = 0, HBD = 0, NumRotatableBonds = 0,
FormalCharge = 0, NumAromaticRings = 1
Atom Priors:
[A240, Atom#1, C]:  hba_ratio=...,  hbd_ratio=..., 
aromatic_ratio=...,ring_ratio=..., gasteiger_q50=...,  
mixture_entropy=...
…

(b) Illustration of Evidence Acquisition Module

T

Similar Analysis:
SMILES: Cc1ccccc1N2C(=Nc3ccccc3C2=O)C
Token Sequence:A341 A113 … A482 A341
Similarity: 0.281 Ground Truth: yes
Molecule Priors: 

{'TPSA': 34.89, 'LogP': 3.0, 'MolWt': 250.301, 'HBA': 3, 'HBD': 0, 
'NumRotatableBonds': 1, 'FormalCharge': 0, 'NumAromaticRings': 3};

Atom Priors:
[A113, Atom#1, C]: hba_ratio=0.148, hbd_ratio=0.016,
aromatic_ratio=0.595, ring_ratio=0.000, 
gasteiger_q50=-0.017, mixture_entropy=0.604
….

Retrieval

Top-1

Top-2

Top-k

…
Atom KB
RDKITTokenization

Tokenization

Atom KB RDKIT

Task Mechanism Guessing.

Optimal Field Selection.

First, I need to understand the given descriptors:
“hba_ratio”: Hydrogen bond acceptor ratio. High 
values indicate polar atoms that hinder BBB 
penetration by increasing water solubility …

Based on the given task, then I need to analyze
the chemical/biological significance of this task.
A high TPSA indicates strong hydrogen bonding 
potential…

Now I need to decide which features really
matter. Based on the analysis above, I think the 
most relevant features is:
{“atom_features”:[ “hbd_ratio”,“gasteiger_q50”,…
], "molecule_features":[ "HBD","TPSA","LogP”,… ], 
"feature_descriptions": {...}}

Task-aware Prior Selection Module

Field Understanding.

Based on the given information and feature
descriptions, molecule information and similar
analysis…I think the molecule suggests likely BBB 
penetration capability.

Structured Prompt Construction

Inference with Explicit Evidence

Evidence Acquisition Module

Figure 1: Overview of the REAP framework. (a) The Reasoning Pipeline. The workflow progresses from
autonomous prior selection where the LLM determines critical features, to the retrieval module and final inference.
(b) Retrieval Module Illustration. Shows how top-k analogues are retrieved and populated with fine-grained
priors from the knowledge base to form the context. (c) Integrative Inference Example. Demonstrates the final
structured prompt and the model’s explicit, evidence-based reasoning output for a specific task.

reactive centers and binding sites. However, provid-
ing these priors presents a challenge of information
overload: a single molecule contains many atoms,
each possessing multiple numerical attributes. In-
jecting these raw arrays directly into the context
would overwhelm the LLM with noise. To address
this, we use discrete tokens to represent clusters
of similar atomic environments and construct a
knowledge base that maps each token to a struc-
tured profile of its physicochemical statistics which
enables the LLM to retrieve priors via discrete in-
dices, converting raw data into a queryable format.

Atom Tokenization. To transform chemical en-
vironments into discrete, retrievable units, we first
extract and tokenize atom-level representations. To
this end, we utilize the AtomDisc tokenizer (Zhang
et al., 2025a). Specifically, given a molecular
graph G = (V,E), we first employ the pre-trained
molecule (Liu et al., 2023a) encoder to map each
atom v to a context-aware embedding rv ∈ Rd.
To discretize these continuous vectors, a vector-
quantized codebook C = {cj}Kj=1 is used to map
each atom to the index of its nearest codeword:

ℓv = arg min
1≤j≤K

∥rv − cj∥22.

The resulting discrete identifier Aℓv serves as
the atomic token, and the molecule is repre-
sented as a sequence of these tokens A(G) =
(Aℓv1

, . . . , Aℓv|V |
), which functions as the primary

key for our textualized knowledge base.
Knowledge Base Construction. We build the
atomic prior knowledge base from a large corpus
of molecules sampled from PubChem (Kim et al.,
2023). For each molecule, we derive its Atom-
Disc atom-token sequence A(G) and compute RD-
Kit atom-level descriptors. For each atom token
t, we aggregate all instances assigned the same
index t in the corpus to form a token-level prior
profile. We summarize numeric attributes with
robust statistics (median and interquartile range)
to represent the typical descriptor values of this
atomic cluster, and summarize categorical/boolean
attributes by their modes and empirical distribu-
tions. To capture typical local environments, we
compute the Pointwise Mutual Information (PMI)
between token t and its 1-hop neighbor tokens
t′, PMI(t, t′) = log P (t,t′)

P (t)P (t′) , and keep neigh-
bors with the highest PMI scores. Finally, we
materialize the knowledge base as a JSON-style
mapping from atom tokens to their prior fields:
D = {(t, Vt)}, where the key t is an AtomDisc
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atom token, and the value Vt = {(Pall,Vt)} con-
tains the full prior field set Pall and the correspond-
ing values Vt = {vt,p | p ∈ Pall}.

3.2 Overview of REAP Reasoning Framework

Building upon the Atomic Textualized knowledge
base, REAP executes a structured pipeline to dy-
namically utilize this knowledge for prediction.
This framework transforms raw instructions into
verified predictions through a clear process:

Module 1: Task-aware Prior Selection. While
the knowledge base provides a comprehensive dic-
tionary of atomic priors, effective reasoning re-
quires focusing on the specific field relevant to the
task at hand (e.g., solubility depends on polarity,
while toxicity involves reactive groups). This mod-
ule addresses the need for task adaptation. Taking
the task instruction T and all priors fields Pall as
input, it analyzes which field are necessary for the
specific task. Then, it will select a subset of priors
P∗ ⊂ Pall and their explanation H∗

field.

Module 2: Evidence Acquisition. With the rele-
vant priors identified, the model now requires ac-
tual evidence to perform the reasoning. It performs
two specific actions: (1) Prior Retrieval: For the tar-
get molecule, we collect the values of the selected
fields P∗ from two sources: (i) molecule-level pri-
ors are computed using RDKit, and (ii) atom-level
priors are retrieved from the atomic knowledge
base by querying with the molecule’s AtomDisc
tokens as keys. These priors are assembled into
the evidence packet Eq, providing the explicit facts
used for reasoning. (2) Analogue Retrieval: It re-
trieves the top-k similar molecules from a reference
dataset D (e.g. training set) and populates them
with the same priors to form the context Ccontext.
The output is the combination of the target’s ex-
plicit facts Eq and the retrieved analogue Ccontext.

Inference with Explicit Evidence. Finally, to
reason with explicit chemical priors, we synthe-
size the prepared evidence into a complete reason-
ing context. We construct a final input Ifinal =
[T , H∗

field, Ccontext, Eq]. The model is instructed
to generate a reasoning chain R that compares the
target packet Eq against the examples in Ccontext
before predicting the label Y . The inference fol-
lows the probability maximization:

Y ∗ = argmax
Y

P (Y | R, Ifinal).

3.3 Task-aware Prior Selection Module
The knowledge base contains a large set of priors,
but using all of them would introduce substantial
noise and dilute the evidence needed for a specific
task. Module 1 therefore performs task-aware prior
selection: it reads the instruction and decides which
fields are actually useful for the prediction. To
make this selection reliable and interpretable, we
implement the module as a three-step procedure:

Field Understanding. The model first reads the
full prior list Pall and produces a plain-language
explanation Hfield for each field:

Hfield = LLM(pf ,Pall),

where pf asks the model to explain each field, and
Hfield provides the chemical meaning of priors.
This step ensures the model understands what each
available field represents.

Task Mechanism Guessing. Conditioned on
Hfield and the task instruction T , the model an-
alyzes which fields are likely relevant for this task
and produces a reasoning summary:

Hlogic = LLM(pt, T | Hfield),

identifies which fields to prioritize for the task.

Optimal Field Selection. Finally, conditioned on
Hlogic, the model selects the task-relevant prior sub-
set P∗ and the corresponding explanations H∗

field

using prompt ps:

P∗ = LLM(ps | Hlogic).

We provide the full field of available priors in
Appendix B and the corresponding prompt tem-
plates for the automated pipeline in Appendix E.1.

3.4 Evidence Acquisition Module
This module provides explicit evidence for the final
decision: it retrieves structurally similar molecules
from a reference database and summarizes both
the query and the retrieved molecules using the
task-selected priors P∗ from last module.

Analogue Retrieval. Given a query molecule
Mq and a reference database D, we retrieve ana-
logues to provide comparable evidence for predic-
tion by structural similarity. We use Morgan finger-
prints because they encode local circular substruc-
tures and bonding patterns, which are strong signals
for property similarity. Let vq and vi denote the
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Table 1: Comparison of REAP with baselines on classification benchmarks (AUROC). DA prompts LLMs to answer
directly from the given molecule, whereas CoT prompts LLMs to explicitly reason about the molecule. Prompt
templates for both settings are provided in Appendix E.3. All baseline results are taken as reported in their respective
papers and entries marked “—” were not reported in the original papers.

Dataset REAP DA CoT MolRAG LLM4SD InstructMol MoMu GraphMVP UniMol

BACE 0.8970 0.6428 0.6775 0.7673 0.8383 0.8230 0.7670 0.8120 0.8570
BBBP 0.8731 0.4918 0.6121 0.6291 0.7560 0.7000 0.7050 0.7240 0.7290
ClinTox 0.8856 0.5015 0.4860 — 0.9130 0.9150 0.7990 0.7910 0.9190
HIV 0.7270 0.6452 0.6266 0.6476 0.7901 0.6890 0.7590 0.7700 0.8080
SIDER 0.7179 0.6371 0.6279 — 0.6540 0.5780 0.6050 0.6390 0.6590
Tox21 0.8023 0.5685 0.5958 0.6642 0.7470 0.7470 0.7560 0.7590 0.7960

Avg 0.8172 0.5812 0.6043 0.6771 0.7831 0.7420 0.7318 0.7492 0.7947

Morgan fingerprint vectors of Mq and Mi ∈ D,
respectively. We compute the Tanimoto similarity:

Sim(Mq,Mi) =
vq · vi

∥vq∥1 + ∥vi∥1 − vq · vi
,

and retrieve the top-k nearest neighbors:

Nk = {Mi | Mi ∈ Top-k(D,Mq)}.

Task-Adaptive Evidence Packing. For the query
molecule Mq and each retrieved analogue Mi ∈
Nk, we build evidence packets by combining
molecule-level priors computed on-the-fly and
atom-level priors retrieved from our knowledge
base. Molecule-level priors are computed using
RDKit descriptors. For atom-level priors, we ob-
tain the AtomDisc token sequence A(G) and use
each atom token as the retrieval key to query the
atomic prior knowledge base D. For token index ℓ,
we retrieve its key–value record D(ℓ) and keep only
the task-selected fields P∗. To avoid excessive and
uninformative details from molecules with many
atom tokens, we apply an atom-selection function
ϕ(·) and keep only Af = {a ∈ A | ϕ(a) = 1}
(details in Appendix A.2). We denote the re-
sulting packet construction as E(·;P∗,Af ). The
query packet Eq = (E(Mq;P∗,Af ), A(Gq)) pro-
vides the explicit facts of the target molecule for
the final decision, and each analogue packet is
Ei = E(Mi;P∗,Af ) for Mi ∈ Nk. The final
example context for inference:

Ccontext = [(Ei(P∗,Af ), yi, si, A(Gi))]
k
i=1 ,

where yi is the ground-truth label of analogue Mi,
si is the Tanimoto similarity value.

4 Experiments

We evaluate REAP on standard molecular prop-
erty benchmarks to answer four research questions
(RQs). RQ1: Does REAP significantly outperform
existing training-free baselines, and can it rival the
performance of state-of-the-art training-based mod-
els? RQ2: What are the individual contributions
of atom-level and molecule-level priors? Are they
complementary distinct sources of information es-
sential for optimal performance? RQ3: What is the
impact of retrieved analogues on performance, and
does REAP maintain robustness in zero-shot set-
tings? RQ4: Is REAP a model-agnostic framework
that consistently enhances performance across dif-
ferent LLM backbones?

We address RQ1 in Section 4.3; RQ2 via com-
ponent analysis in Section 4.4.1; RQ3 via retrieval
ablation in Section 4.4.2; and RQ4 in Section 4.5.

4.1 Experimental Setup

We evaluate REAP on MoleculeNet (Wu et al.,
2018) classification benchmarks and on widely
used physicochemical/pharmacokinetic datasets:
ESOL (Delaney, 2004; Wu et al., 2018), Free-
Solv (Mobley and Guthrie, 2014; Wu et al., 2018),
Lipophilicity (Lipo) (Wu et al., 2018), Caco2 per-
meability (Wang et al., 2016), LD50 (Zhu et al.,
2009), and AqSol (Sorkun et al., 2019). These
tasks span solubility (ESOL, FreeSolv, AqSol),
lipophilicity (Lipo), absorption (Caco2), and tox-
icity (LD50). Unless otherwise noted, we report
AUROC for classification and RMSE (↓) for re-
gression, following common practice; dataset de-
tails and splits are in Appendix A.1. The hyper-
parameters we used are provided in Appendix A.3.
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Table 2: Ablation study of REAP along two axes: (i) the contribution of chemical priors (atom and molecule level)
and (ii) the effect of the Top-k selection. Classification results (BACE, BBBP, ClinTox) are reported as AUROC (↑),
and regression results (Caco-2, FreeSolv, Lipophilicity) as RMSE (↓).

Dataset REAP w/o Atom. Pr. w/o Mol. Pr. k = 0 k = 2 k = 4 k = 6 k = 8 k = 10

BACE 0.8042 0.7290 0.8207 0.6694 0.6594 0.8223 0.8222 0.8511 0.8042
BBBP 0.8246 0.8131 0.7176 0.7887 0.7712 0.8095 0.8094 0.8181 0.8246
ClinTox 0.8163 0.7974 0.7072 0.5902 0.7288 0.8018 0.7741 0.7664 0.8163

Avg. AUROC 0.8150 0.7798 0.7485 0.6828 0.7198 0.8112 0.8019 0.8119 0.8150

Caco-2 0.5018 0.5271 0.5028 2.2123 0.5825 0.5261 0.5018 0.4935 0.5041
FreeSolv 0.9008 1.0210 0.9776 2.8607 1.2379 1.0253 0.9008 1.0540 1.0177
Lipo 0.7022 0.7917 0.7844 1.1916 0.7679 0.7674 0.7022 0.7327 0.7143

Avg. RMSE 0.7016 0.7799 0.7549 2.0882 0.8628 0.7729 0.7016 0.7601 0.7454

4.2 Baseline

To comprehensively evaluate our REAP frame-
work, we consider a broad set of baseline methods
spanning training-free, LLM-based, graph-based,
and 3D molecular modeling approaches. Specif-
ically, we include training-free methods such as
MolRAG (Xian et al., 2025) and LLM4SD (Zheng
et al., 2025). For LLMs with task-specific train-
ing, we compare against InstructMol (Cao et al.,
2023) and MoMu (Su et al., 2022). In addition,
we incorporate representative graph-based base-
lines, including GraphMVP (Liu et al., 2022) and
MoleculeSTM (Liu et al., 2023a), as well as the 3D
molecular modeling methods UniMol (Zhou et al.,
2023) and TokenMol (Wang et al., 2025).

4.3 Main Results

We summarize the overall performance against
both training-free and training-based baselines in
Table 1. These findings provide a definitive affir-
mative answer to RQ1. First, REAP consistently
achieves the best performance among training-free
methods, significantly outperforming baselines that
rely on surface-level prompting. Second, and more
notably, it successfully rivals and in several cases
surpasses representative training-based approaches
such as MoMu (Su et al., 2022), InstructMol (Cao
et al., 2023). This demonstrates that explicitly in-
jecting fine-grained priors is not merely a compro-
mise for efficiency, but a robust strategy that allows
frozen LLMs to match the predictive power of fully
fine-tuned graph encoders.

Beyond numerical accuracy, REAP offers a qual-
itative advantage in transparency (example outputs
in Appendix F.2). Unlike end-to-end neural base-

lines where decision boundaries are opaque, REAP
provides traceable reasoning paths. By inspecting
the model’s articulated reasoning regarding the se-
lected priors and their stated implications for the
prediction, domain practitioners can verify whether
the decision is based on sound chemical principles
or spurious correlations. This transparency fosters
trust, ensuring that high performance is achieved
for the right reasons.

We further evaluate REAP on regression tasks;
complete results are provided in Appendix G.

4.4 Ablation Study

We conduct ablation studies to isolate the impact of
two core design components: (i) the contribution
of multi-level textualized priors, and (ii) the role of
retrieved exemplars in grounding reasoning.

4.4.1 Contribution of Multi-Level Priors
To answer RQ2, we compare the full REAP against
variants that strip away specific prior levels while
keeping other settings fixed. w/o Atom. Pr. re-
moves the atom-level textualized priors, and w/o
Mol. Pr. removes the molecule-level descriptors.

Results in Table 2 reveal that the full REAP
consistently achieves the best performance, con-
firming that atom- and molecule-level priors are
not redundant but synergistic. Specifically, remov-
ing atom-level priors causes marked degradation
on datasets driven by specific pharmacophores or
local environments (e.g., lower AUROC on BACE,
higher RMSE on FreeSolv), highlighting the neces-
sity of fine-grained local information. Conversely,
removing molecule-level priors also hurts perfor-
mance (e.g., on BBBP and ClinTox), suggesting
that global physicochemical context (e.g., solubil-
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Table 3: Comparison across zero-shot REAP (ZS-
REAP), few-shot MolRAG (FS-MolRAG), and chain-
of-thought prompting in zero-shot (ZS-CoT) and few-
shot (FS-CoT) settings. Classification performance is
reported as AUROC (↑), and regression performance as
RMSE (↓). The best results are shown in bold, and the
runner-up results are underlined.

Dataset ZS-REAP FS-MolRAG ZS-CoT FS-CoT

Classification (AUROC ↑)
BACE 0.6694 0.7673 0.6475 0.6373
BBBP 0.7887 0.6291 0.6121 0.6660
ClinTox 0.5902 — 0.4860 0.6283

Regression (RMSE ↓)
ESOL 0.6315 3.2806 0.8944 0.9134
FreeSolv 2.8607 6.0827 3.4312 3.2863
Lipophilicity 1.1013 1.1251 1.2098 1.2479

ity, weight) provides essential macroscopic con-
straints. The aggregate trend demonstrates that
integrating these two levels of granularity yields
the most robust reasoning, validating our design of
a comprehensive, multi-level knowledge base.

4.4.2 Top-k Sensitivity Analysis

To address RQ3, we examine the effect of analogue
retrieval by varying k ∈ {0, 2, 4, 6, 8, 10}. Here,
k=0 represents the Zero-Shot setting, where REAP
relies solely on its internal knowledge base.

Table 2 shows a clear trend: moving from k=0
to a small positive k yields substantial gains. This
confirms that retrieved analogues successfully ac-
tivate the LLM’s capability for reasoning by anal-
ogy, allowing it to validate hypotheses against con-
crete examples. Notably, performance saturates
around k≈4–6, suggesting that REAP is highly ef-
ficient—it does not require a large crowd of exam-
ples, but rather a handful of high-quality anchors
to ground its decision.

We further evaluate whether REAP remains ef-
fective without any exemplars. As shown in Ta-
ble 3, Zero-Shot REAP (ZS-REAP) is competitive
with, and often superior to, standard few-shot base-
lines. Remarkably, ZS-REAP outperforms Few-
Shot CoT on nearly all datasets and surpasses Few-
Shot MolRAG on 4/5 comparable benchmarks.
This result is particularly significant: it implies that
access to a high-quality explicit knowledge base
allows the model to reason effectively even with-
out specific examples, validating our core premise
that explicit grounding can effectively substitute or
outperform for surface-level pattern matching from
few-shot prompting.

4.5 Generalization across LLM Backbones

To verify the universality of our framework, we in-
stantiate REAP across a diverse spectrum of LLM
backbones—ranging from efficient distilled mod-
els (GPT-5-Nano) to frontier-class reasoning en-
gines (DeepSeek-V3.2, GPT-5, GPT-4.1, Claude
Sonnet-4). All experiments use identical prompts
and retrieval pipelines without specific tuning.

Table 4 reveals a universal enhancement pattern.
REAP consistently achieves the best average per-
formance across all backbones compared to stan-
dard prompting strategies (DA, CoT, and their few-
shot variants) for both classification and regression
tasks. Crucially, we observe a democratizing effect:
smaller models equipped with REAP frequently
rival or even surpass larger models relying on stan-
dard prompting. This suggests that the bottleneck
in chemical reasoning is often the lack of explicit
domain priors rather than raw parametric capacity.
These results affirmatively answer RQ4: REAP
is a robust, backbone-agnostic framework. By de-
coupling knowledge from the model, it serves as
a plug-and-play enhancement layer that upgrades
any LLM—regardless of vendor, architecture, or
scale—into a grounded chemical reasoner.

4.6 Case Study: From Surface Heuristics to
Evidence-Based Verification

To demonstrate how REAP utilizes explicit priors
to ground the reasoning process, Fig. 2 presents a
side-by-side comparison on a BACE-1 inhibition
task. This comparison illustrates the shift from im-
plicit pattern matching to quantitative verification.

The SMILES-only baseline fails due to the opac-
ity of the linear representation. While it correctly
identifies a potentially active scaffold, it lacks the
granular information necessary to verify the physic-
ochemical compatibility. Constrained by this infor-
mation deficit, the model relies on heuristic-driven
inference, falsely associating the mere presence of
a drug-like scaffold with biological activity.

In contrast, REAP equips the LLM with specific,
textualized priors such as the precise aromatic ring
count, TPSA, and LogP which serve as quantitative
evidence for reasoning. This explicit grounding en-
ables the model to validate the molecule against es-
tablished structure-activity relationships. By shift-
ing the paradigm from logical hallucination to fact-
conditioned reasoning, REAP successfully rejects
the superficially promising candidate based on rig-
orous physicochemical constraints.
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Table 4: Results across different LLMs integrated with REAP on classification (AUROC↑) and regression (RMSE↓)
tasks. To highlight the advantage of explicit chemical priors over single-SMILES prompting, we compare four
inference strategies: DA+FS, CoT+FS, DA, and CoT. Here, DA denotes directly answering from the prompt, CoT
denotes reasoning, and FS indicates few-shot examples.

Task (Avg over datasets) LLM REAP DA+FS CoT+FS DA CoT

Regression

Claude-Sonnet-4 0.7442 1.5560 1.6815 1.8262 1.8878
Deepseek-V3.2 0.7941 1.6854 1.8159 1.6081 1.8451
GPT-4.1 0.8214 2.5202 2.0661 3.7289 4.5305
GPT-5 0.7352 1.5129 1.6619 2.0690 1.9961
GPT-5-Nano 0.8263 1.9909 1.8948 2.8695 3.1598

Avg. RMSE ↓ 0.7842 1.8531 1.8240 2.4204 2.6839

Classification

Claude-Sonnet-4 0.7938 0.5950 0.6503 0.6359 0.6476
Deepseek-V3.2 0.8150 0.6599 0.6439 0.6601 0.7266
GPT-4.1 0.8010 0.6669 0.6927 0.5952 0.5823
GPT-5 0.8852 0.7199 0.7159 0.7898 0.6889
GPT-5-Nano 0.6972 0.4728 0.5429 0.3664 0.5090

Avg. AUROC ↑ 0.7985 0.6229 0.6492 0.6095 0.6309

SMILES: s1c2c(nc1C)C(=[NH+][C@@]2(c1cc(ccc1)-c1cncnc1)c1ccc(OC)cc1)N
Question: Does the molecule inhibit BACE-1 activity?

SMILES-Only CoT
Ground Truth: no
Predicted: yes
P(yes): 0.85

Response:
This molecule contains key structural motifs associated with 
BACE-1 inhibition: a central aminohydantoin scaffold (evident 
from the `[NH+]C(=N)C(N)` pattern in the SMILES), which 
can act as the transition-state mimic interacting with the 
catalytic aspartates, flanked by aromatic/heteroaromatic
groups that occupy the S1–S3 subsites. The presence of a 2-
aminopyrimidine-like moiety (`s1c2c(nc1C)`) and extended 
aromatic systems (`c1cncnc1`, `c1ccc(OC)cc1`) matches 
known BACE-1 inhibitor pharmacophores, suggesting good 
binding potential.

REAP
Ground Truth: no
Predicted: no
P(yes): 0.35
Response:
The query molecule has 2 HBD, which is optimal for 
interacting with catalytic aspartates while maintaining CNS 
permeability. The TPSA of 87.89 falls within the optimal 
range (70-100) for both active site binding and blood-brain 
barrier penetration. The LogP of 2.009 is within the 
preferred CNS range (~2-4), and molecular weight of 414.5 
Da is reasonable for CNS drugs. However, the molecule has 4 
aromatic rings, which exceeds the typical optimal range of 2-
3 rings for BACE-1 inhibitors. The most similar negative 
example (similarity 0.667) shares the same 4 aromatic rings 
and similar structure but lacks BACE-1 inhibition. The positive 
examples consistently show 3 aromatic rings with similar 
molecular features. The atom-level features show appropriate 
aromatic character and hydrogen bonding patterns, but the 
extra aromatic ring may disrupt optimal binding conformation 
in the active site.

Figure 2: Comparison between SMILES-only CoT and REAP on a BACE-1 inhibition task. The left panel
illustrates how the baseline falls into a hallucination trap, deriving an overconfident prediction from surface-level
structural motifs without physical verification. In contrast, the right panel demonstrates REAP’s evidence-based
reasoning: by explicitly citing quantitative priors (e.g., TPSA, LogP), it successfully rejects the candidate based on
physicochemical constraints. Red highlights denote the verifiable attributes guiding the correct decision.

4.7 Inference Cost Analysis

As shown in Table 5, REAP requires only 1.01–
1.02 average LLM calls per sample, which is com-
parable to the 1.00 calls used by all baselines. This
is because Stage I (Feature Selection) involves
three LLM rounds but is executed only once per

task, contributing only 3/N calls per sample and
thus becoming negligible in practice. Stage II (Re-
trieval) requires zero LLM calls, since it is imple-
mented as pure CPU-based similarity search. Stage
III (Inference) uses exactly one LLM call per sam-
ple, identical to the baselines. Therefore, the main
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Method Avg. LLM Calls Avg. Input Tokens Avg. Output Tokens Avg. Total Tokens

DA 1.00 ∼147 ∼12 ∼159
CoT 1.00 ∼277 ∼139 ∼416
DA+FS 1.00 ∼198 ∼10 ∼208
CoT+FS 1.00 ∼334 ∼129 ∼463
MolRAG 1.00 ∼564 ∼600 ∼1164
REAP 1.01–1.02 ∼1400 ∼220 ∼1620

Table 5: Inference cost comparison across methods. REAP requires only 1.01–1.02 average LLM calls per sample,
comparable to baselines (1.00). Its additional cost mainly comes from longer input context rather than more frequent
model invocation.

Method BACE BBBP

MoMu 0.767 0.705
InstructMol 0.823 0.700
LLM4SD 0.838 0.756
MolRAG 0.767 0.629
REAP + Llama-2-7B 0.828 0.783

Table 6: Results on a smaller open-source backbone,
Llama-2-7B. REAP remains effective even with a 7B
model, outperforming the training-free baseline Mol-
RAG and surpassing most training-based methods.

overhead of REAP comes not from more frequent
LLM invocation, but from longer prompt context.
As Table 5 shows, REAP uses more input tokens
than simpler prompting strategies because it ex-
plicitly provides atom-level priors and retrieved
analogue evidence, while keeping the number of
LLM calls nearly unchanged.

4.8 Results on Smaller Open-Source LLMs

To examine whether REAP’s gains depend on large
proprietary LLMs, we additionally evaluate it with
Llama-2-7B, a much smaller open-source model.
As shown in Table 6, REAP + Llama-2-7B achieves
0.828 AUROC on BACE and 0.783 AUROC on
BBBP, substantially outperforming the training-
free baseline MolRAG (0.767 / 0.629) and surpass-
ing most training-based methods. These results sug-
gest that the benefit of REAP mainly comes from
its evidence-based inference framework rather than
from relying on a particularly strong backbone.

5 Conclusion

In this work, we propose REAP, an effective reason-
ing framework that inference via explicit chemical
priors. Instead of relying on the static parameters of
training-based models, REAP externalizes knowl-
edge into the first atom-level textual knowledge
base. This architecture empowers LLMs to per-
form grounded reasoning by explicitly retrieving

fine-grained atomic evidence and molecule-level
descriptors, ensuring both adaptability and inter-
pretability. Empirically, REAP significantly out-
performs existing reasoning framework and rivals
state-of-the-art training-based methods across di-
verse benchmarks. By proving that explicit prior
injection can effectively substitute for implicit pa-
rameter updates, REAP establishes a new path for
transparent and robust AI in scientific discovery.

6 Limitations

Although REAP achieves strong performance on
molecular property prediction and provides more
interpretable predictions, several limitations re-
main. First, we evaluate REAP on property pre-
diction benchmarks; extending it to more complex
tasks such as molecule editing (Zhuang et al., 2025,
2026) is an important direction for future work.
Second, although REAP exposes explicit interme-
diate evidence, the faithfulness and usefulness of
such explanations still require further study (Ji
et al., 2025). Finally, the current pipeline incurs
a relatively large token budget, and more efficient
evidence selection, constrained filtering, and com-
pression strategies may further reduce inference
cost (Zhang et al., 2026; Gong and Sun, 2025).
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A Experimental Details

A.1 Task Descriptions

BBBP. This task assesses whether a compound
can cross the blood-brain barrier (BBB), a cru-
cial consideration for central nervous system
(CNS) drugs. Molecules are classified into BBB-
permeable or non-permeable categories based on
experimental permeability data.

Tox21. A multi-label classification task involv-
ing 12 distinct toxicity pathways. These include
nuclear receptor signaling and stress response path-
ways, reflecting the compound’s potential toxic
effects across multiple biological processes.

ToxCast. This task covers a broader panel of in
vitro toxicity assays than Tox21, measuring com-
pound bioactivity across hundreds of biochemical
and cellular targets. It enables high-throughput
evaluation of toxicity at scale.

SIDER. The Side Effect Resource dataset in-
cludes marketed drugs annotated with known ad-
verse drug reactions. The goal is to predict side
effect profiles across 27 categories, making this a
multi-label classification task.

ClinTox. This binary classification task distin-
guishes drugs approved by the FDA from those that
failed clinical trials due to toxicity. It provides a
stringent benchmark for modeling toxicity-related
risk.

HIV. The HIV dataset involves binary classifica-
tion of compounds based on their ability to inhibit
HIV replication in a human cell assay. It evaluates
antiviral activity and molecular efficacy.

BACE. This task aims to predict inhibitors of
human β-secretase 1 (BACE-1), an enzyme linked
to Alzheimer’s disease. Compounds are labeled
based on their biochemical assay outcomes.

QM9. From the QM9 quantum chemistry dataset,
we focus on predicting three scalar properties: the
energies of the Highest Occupied Molecular Or-
bital (HOMO), the Lowest Unoccupied Molec-
ular Orbital (LUMO), and their difference (the
HOMO–LUMO gap). These properties are cen-
tral to understanding molecular reactivity, stability,
and electronic behavior.

ESOL. This task predicts the aqueous solubility
of small molecules. ESOL provides experimental

log solubility values for a curated set of drug-like
compounds.

FreeSolv. FreeSolv contains hydration free en-
ergy values for small neutral molecules. The task
evaluates the model’s ability to predict solvation
thermodynamics, crucial for drug absorption mod-
eling.

Lipo. The Lipophilicity dataset measures the dis-
tribution coefficient (logD) between octanol and
water. It reflects how hydrophobic or hydrophilic a
compound is, which is relevant to absorption and
bioavailability.

Caco2. This task involves predicting the perme-
ability of molecules across Caco-2 cell monolayers,
a common in vitro assay used to estimate human
intestinal absorption.

LD50. LD50 measures the lethal dose required to
kill 50% of test subjects (typically rodents), serving
as a proxy for acute toxicity prediction.

AqSol. AqSol contains experimentally measured
solubility values for a broad set of compounds,
aiming to improve solubility prediction beyond the
chemical space covered by ESOL.

A.2 Setup for Filtering Atom Cards

We do not pass all atom cards to Stage III. For
each molecule we keep only a small, decision-
critical subset. Concretely, we first mark must-
keep atoms: any RDKit-identified hydrogen-
bond donor/acceptor (from the ChemicalFeatures
BaseFeatures.fdef), any atom with nonzero for-
mal charge or |Gasteiger|≥0.10, all heteroatoms
(N, O, S, P, F, Cl, Br, I), and ring bridgeheads/aro-
matic carbons. If must-keep atoms exceed a per-
molecule budget M (default M = 20), we retain
those with larger |Gasteiger| and aromaticity first
(stable ties by atom index). If they are fewer than
M , we fill the remaining slots by ranking the rest
with a light priority that favors aromatic/conjugated
sites, ring/fused-ring membership, proximity to het-
eroatoms, and sp/sp2 hybridization. The final se-
lection is serialized as compact cards (token id,
atom index, symbol, plus only the Stage I–selected
fields), which focuses the prompt on functional
centers instead of flooding the context with non-
informative atoms.
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A.3 Experimental Setup and Parameters

For all datasets, we follow the standard Molecu-
leNet evaluation protocol by holding out 10% of
the data as the test set and not training any task-
specific model; the training split is used exclusively
as the retrieval pool in StageII. Following Molecu-
leNet(Wu et al., 2018), we use scaffold splits for
the recommended tasks and random splits other-
wise, with a fixed random seed of 42. Molecu-
lar similarity is computed using RDKit Morgan
fingerprints and Tanimoto similarity, and we re-
trieve Top-k analogues (including both positive
and negative examples) for each test molecule. We
query LLMs with deterministic decoding (temper-
ature =0) and a fixed maximum output length; all
other decoding parameters are left at provider de-
faults. We evaluate classification tasks using AU-
ROC and regression tasks using RMSE. Because
logits are inaccessible for closed-source LLMs, we
use the model-reported probability P (yes) ∈ [0, 1]
as the prediction score when computing AUROC.
Full settings and hyperparameters are provided in
Table 7.

Component Hyperparameter Value / Setting

Data split Train:test ratio 90:10
Random seed 42

Retrieval (Stage II) Fingerprint type RDKit Morgan (ECFP4)
Radius 2
nBits 2048
Similarity Tanimoto
Top-k analogues k = 5 or k = 10

LLM decoding Temperature 0.0
Max tokens 2000
Top-p Default
Other decoding Default

Metrics Classification AUROC
Regression RMSE

Table 7: Summary of experimental hyperparameters and
implementation choices used in REAP.

A.4 Baselines

To comprehensively evaluate our REAP framework,
we compare against both training-free and training-
based baselines. For training-based methods, we
further include LLM-based, graph-based, and 3D-
based approaches. All baseline results are reported
as in their original papers.

Training-free methods. We include Mol-
RAG (Xian et al., 2025) and LLM4SD (Zheng
et al., 2025). MolRAG computes the similarity
between a test molecule and the training set, then
supplies the similarity scores and the correspond-

ing training labels to LLMs as in-context evidence,
allowing the model to make decisions by analogy.
LLM4SD prompts LLMs to induce classification
rules; RDKit-derived, molecule-level chemical
priors are converted into vector features, upon
which a decision tree is trained for prediction.

LLM-based training methods. We consider In-
structMol (Cao et al., 2023), TokenMol (Wang
et al., 2025), and MoMu (Su et al., 2022). In-
structMol trains an additional adapter that projects
molecular representations into the LLM embedding
space; the projected vector is concatenated with the
original prompt and injected into the transformer,
so the LLM learns to leverage these features for de-
cision making. MoMu performs contrastive learn-
ing between text embeddings and molecular embed-
dings to learn a unified cross-modal representation.
TokenMol discretizes 3D features—specifically tor-
sion angles—into tokens, concatenates them with
the prompt to form a token-only sequence, and
trains the model via random-mask autoregression.

Graph-based methods. We adopt Graph-
MVP (Liu et al., 2022), which conducts contrastive
learning between 2D (GIN-based) and 3D
(SchNet-based (Schütt et al., 2017)) molecular rep-
resentations to capture complementary structural
information.

3D-based methods. We include UniMol (Zhou
et al., 2023), which pretrains on molecular
conformations and protein pockets, leveraging
rotation–translation-invariant spatial positional en-
codings and achieving state-of-the-art performance
on molecular property prediction.

A.5 knowledge base Construction Details

We construct the atomic-prior knowledge base from
a subset of approximately 220,000 molecules sam-
pled from PubChem, using only their SMILES
strings. Specifically, we encode each molecule with
froze MoleculeSTM checkpoint to obtain atom-
level representations, and then map these repre-
sentations to discrete token indices via AtomDisc.
Importantly, this entire pipeline is performed in
a fully unsupervised manner: we do not use any
labels or annotations from downstream property-
prediction tasks, nor do we tune any component on
evaluation datasets. So we don’t need to train any
models in our framework. For all tasks, we only
use off-the-shelf models’ checkpoint to obtain the
necessary information and textualize them using
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rkdit and our methods.
To further avoid any potential data leakage, the

knowledge base is built solely from the PubChem
subset and is kept completely disjoint from all
MoleculeNet evaluation datasets; no molecules
from the test/validation splits are used during
knowledge base construction. Atom-level priors
are computed purely from molecular structures us-
ing RDKit-based descriptors and statistics, without
referencing any task targets.

For reproducibility and community use,
we publicly release the complete REAP
framework, including the knowledge-base
construction code and prompting scripts, at
https://github.com/mingxuZhang2/REAP.

A.6 Evaluation Details
This section describes our evaluation protocol for
classification and regression tasks.

Classification. For closed-source LLMs, token-
level logits are not accessible. Therefore, instead
of computing AUROC from logits, we prompt
the model to output a calibrated confidence score
for the positive class, i.e., p(yes) ∈ [0, 1], in a
structured format. Concretely, the model returns
a numeric value wrapped by <confidence> and
</confidence>, and we parse this value as the
prediction score to compute AUROC. For multi-
label (or multi-class) settings, we decompose each
task into a set of binary one-vs-rest (or per-label)
sub-tasks, and report AUROC for each label/item
accordingly.

Regression. For regression tasks, we compute
RMSE directly between the model predictions and
the dataset-provided ground-truth labels. We do not
apply any additional target transformations (e.g.,
log-space conversion) or target standardization/nor-
malization. Since our approach is training-free, we
evaluate in the original label space as provided by
each benchmark dataset, and compute RMSE on
this same scale. To avoid ambiguity, we will also
explicitly state (per dataset) the target definition
and units (when available) in the dataset descrip-
tion or appendix.

2051



B Atomic Prior knowledge base field

Atomic Prior KB Schema — Fields & Example

Schema:
- token_id: discrete AtomDisc token index
- support_count: #atoms in corpus mapped to this token
- primary_symbol: most frequent element symbol among instances
- is_mixed: whether multiple element types map to this token
- symbol_distribution: per-element counts for this token
- mixture_entropy: entropy (01) of the element mixture
- env_type: modal local environment {chain|ring|fused_ring}
- env_distribution: counts of {chain, ring, fused_ring}
- aromatic_ratio: fraction of instances that are aromatic (01)
- conjugated_ratio: fraction with any conjugated bond (01)
- median_degree: median number of bonded neighbors
- median_ring_size: median size of the smallest ring (0 if non-ring)
- hybridization: modal hybridization {s, sp, sp2, sp3, sp3d, sp3d2, other}
- electrics.inductive: median inductive effect sign in {-1,0,+1}
- electrics.resonance: median resonance effect sign in {-1,0,+1}
- polarity.gasteiger_q50: median Gasteiger partial charge
- polarity.gasteiger_iqr: IQR of Gasteiger charge (variability)
- polarity.tpsa_contrib_q50: median per-atom TPSA proxy
- hbond.donor_ratio: fraction flagged as H-bond donors (01)
- hbond.acceptor_ratio: fraction flagged as H-bond acceptors (01)
- hetero_r1_median: median #heteroatom neighbors (1-hop)
- neighbors_top: top neighbor tokens by PMI; each item has:

{token: neighbor token id, pmi: log2 P(A,B)/(P(A)P(B)),
co_occur_ratio: fraction of this tokens atoms with such a neighbor}

EXAMPLE of Atomic Priors knowledge base:
{
"token_id": 112,
"support_count": 49708,
"primary_symbol": "C",
"is_mixed": true,
"symbol_distribution": {"C": 26016, "O": 23689, "Hg": 3},
"mixture_entropy": 0.9992911271,
"env_type": "chain",
"env_distribution": {"chain": 49689, "ring": 19},
"aromatic_ratio": 0.0,
"conjugated_ratio": 0.0001005874,
"median_degree": 2.0,
"median_ring_size": 6.0,
"hybridization": "sp3",
"electrics": {"inductive": 0, "resonance": 0},
"polarity": {
"gasteiger_q50": 0.0339449055,
"gasteiger_iqr": 0.4922527119,
"tpsa_contrib_q50": 0.0

},
"hbond": {"donor_ratio": 0.0014082240, "acceptor_ratio": 0.4765631287},
"hetero_r1_median": 0.0,
"neighbors_top": [
{"token": 30, "pmi": 6.3621896439, "co_occur_ratio": 0.9395067192},
{"token": 53, "pmi": 3.2824712421, "co_occur_ratio": 0.1208256216},
{"token": 112, "pmi": 1.9914829505, "co_occur_ratio": 0.0966444033},
{"token": 58, "pmi": 1.3526284184, "co_occur_ratio": 0.0445401143},
{"token": 430, "pmi": 0.5000017521, "co_occur_ratio": 0.0427898930}

]
}
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C Input Format Example for Retrieved
Analogues

Input Retrieved Analogues Format

SMILES:Fc1cc(cc(F)c1)CC(NC(=O)C)C(O)C[NH2+]C1(CCCCC1)c1cc(ccc1)C1CCOC1

Discrete Token Sequence:A410 A188 A434 A434 A434 A188 A410 A434 A139 A17 A425 A505 A263 A56 A100
A332 A100 A296 A296 A389 A389 A215 A389 A389 A424 A107 A503 A107 A107 A107 A146 A146 A229
A229 A146

Similarity:0.928

Ground Truth:yes

Selected Atom-Level Features:
[A410, Atom#0, C]: gasteiger_q50=-0.059, gasteiger_iqr=0.145, hba_ratio=0.479, hbd_ratio=0.006,

aromatic_ratio=0.515, conjugated_ratio=0.517, ring_ratio=0.000, median_degree=2.000,
neighbors_top=[{’token’: 124, ’pmi’: 6.908255240747004, ’co_occur_ratio’: 0.2788412820795242},
{’token’: 188, ’pmi’: 6.555685343667383, ’co_occur_ratio’: 0.5088445864081947}, {’token’:
109, ’pmi’: 4.684120859168923, ’co_occur_ratio’: 0.13898006388368764}, {’token’: 410, ’pmi’:
4.239188136752083, ’co_occur_ratio’: 0.4191651062892389}, {’token’: 484, ’pmi’:
-1.0447276102119363, ’co_occur_ratio’: 0.08201343760326027}]

...

Selected Molecule-Level Features::
{’TPSA’: 75.17, ’LogP’: 3.299, ’MolWt’: 487.611, ’HBA’: 3, ’HBD’: 3, ’NumAromaticRings’: 2, ’

NumRotatableBonds’: 9, ’NumHeteroatoms’: 7, ’FormalCharge’: 1}

D Input Format for Tested Molecules

Input Tested Molecule Format

SMILES:Fc1cc(cc(F)c1)CC(NC(=O)C)C(O)C[NH2+]C1(CCCCC1)c1cc(ccc1)C1CCOCOC1

Discrete Token Sequence:A410 A188 A434 A434 A434 A188 A410 A434 A139 A17 A425 A505 A263 A56 A100
A332 A100 A296 A296 A389 A389 A215 A389 A389 A424 A107 A503 A107 A107 A107 A146 A229 A229
A229 A312 A312 A229

Selected Atom-Level Features:

[A410, Atom#0, C]: gasteiger_q50=-0.059, gasteiger_iqr=0.145, hba_ratio=0.479, hbd_ratio=0.006,
aromatic_ratio=0.515, conjugated_ratio=0.517, ring_ratio=0.000, median_degree=2.000,
neighbors_top=[{’token’: 124, ’pmi’: 6.908255240747004, ’co_occur_ratio’: 0.2788412820795242},
{’token’: 188, ’pmi’: 6.555685343667383, ’co_occur_ratio’: 0.5088445864081947}, {’token’:
109, ’pmi’: 4.684120859168923, ’co_occur_ratio’: 0.13898006388368764}, {’token’: 410, ’pmi’:
4.239188136752083, ’co_occur_ratio’: 0.4191651062892389}, {’token’: 484, ’pmi’:
-1.0447276102119363, ’co_occur_ratio’: 0.08201343760326027}]

Selected Molecule-Level Features::
{’TPSA’: 84.400, ’LogP’: 3.274, ’MolWt’: 517.637, ’HBA’: 4.000, ’HBD’: 3.000, ’NumAromaticRings’:

2.000, ’NumRotatableBonds’: 9.000, ’NumHeteroatoms’: 8.000, ’FormalCharge’: 1.000}
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E Prompt Templates

E.1 Prompt Template for Stage I

Stage I — Round 1: Prior Schema Analysis

System:
You are a chemistry and molecular property prediction expert.
Your task is to understand the available features for molecular analysis.

User:
I will provide a list of features. For each, briefly state:
1) what it measures, 2) which property it relates to, 3) when it matters.

Atom-Level (AtomDisc KB): support_count, primary_symbol, is_mixed, mixture_entropy,
gasteiger_q50, gasteiger_iqr, hba_ratio, hbd_ratio, aromatic_ratio, conjugated_ratio,
ring_ratio, median_degree, neighbors_top (PMI)

Molecule-Level (RDKit): TPSA, LogP, MolWt, HBA, HBD,
NumAromaticRings, NumRotatableBonds, NumHeteroatoms, FormalCharge

Stage I — Round 2: Task Understanding

System:
Continue as a chemistry expert. Focus on the task.

User:
Task:{instruction}

Please analyze:
1) the chemical/biological significance;
2) key molecular characteristics for this task;
3) structural cues separating positive vs. negative samples.

Stage I — Round 3: Feature Selection (JSON Output)

System:
Select the most relevant features and justify them concisely.

User:
Task:{instruction}

Output JSON:
{
"atom_features": ["feature1", "feature2", ...],
"molecule_features": ["feature1", "feature2", ...],
"feature_descriptions": {
"feature1": "1-2 sentences on meaning/relevance",
"feature2": "...",
"...": "..."

}
}

IMPORTANT:
1) Use exact names from the lists;
2) Provide descriptions for ALL selected features;
3) Keep descriptions concise (12 sentences).
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E.2 Prompt Template for Stage III

Stage III: Inference With Analogues and Chemical Priors

System:
You are a molecular property prediction expert.
Your task is to predict whether a molecule satisfies a given property based on:
1. Selected relevant features
2. Instance-specific analysis from similar training examples
You must provide:
1. A binary prediction (yes/no)
2. A confidence score P(yes) from 0 to 100

User:
Task:{instruction}

Feature Descriptions:{feature_descriptions}

SMILES:{smiles}

Discrete Token Sequence:{query_tokens}

Selected Atom-Level Features:{atom_features}

Selected Molecule-Level Features:{molecule_features}

Instance-Specific Analysis:{similar_analysis}

Based on all the information above, please predict whether this molecule satisfies the task.

Your response MUST follow this exact format:

<analysis>
Brief reasoning based on features and similar examples
</analysis>

<answer>yes</answer> or <answer>no</answer>

<confidence>XX</confidence>

Where:
- <answer>MUST be exactly "yes" or "no" (lowercase)
- <confidence>is P(yes) from 0-100 (integer)
- If you answer "yes", confidence should be > 50
- If you answer "no", confidence should be < 50

CRITICAL: You MUST include all three tags (<analysis>, <answer>, <confidence>) in your response.
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E.3 Baseline Prompt

Directly Answer without Analogues

System:
You are an expert medicinal chemist. Directly answer the question with "yes" or "no".

User:
Task:{TASK_NAME}

SMILES:{SMILES}

Your response MUST follow this exact format:
<answer>yes</answer> or <answer>no</answer>
<confidence>XX</confidence>

Where:
- <answer>MUST be exactly "yes" or "no" (lowercase)
- <confidence>is P(yes) from 0-100 (integer)
- If you answer "yes", confidence should be > 50
- If you answer "no", confidence should be < 50

CRITICAL: You MUST include all three tags (<answer>, <confidence>) in your response.

Answer:

CoT without Analogues

System:
You are an expert medicinal chemist. Your task is to analyze a molecule given its SMILES

representation and predict whether it satisfies the given condition.

User:
Task:{TASK_NAME}

Instructions:
1. Carefully analyze the SMILES structure
2. Consider molecular properties, functional groups, and structural features
3. Provide clear reasoning based on chemical principles
4. Give your final answer as "yes" or "no"

Format your response as:
- First, provide your analysis and reasoning (2-3 sentences)
- Then, provide your final answer on a new line starting with "Answer: " followed by "yes" or "no"

Question: {QUESTION}
SMILES:{SMILES}

Your response MUST follow this exact format:

<analysis>
Brief reasoning based on features and similar examples
</analysis>
<answer>yes</answer> or <answer>no</answer>
<confidence>XX</confidence>

Where:
- <answer>MUST be exactly "yes" or "no" (lowercase)
- <confidence>is P(yes) from 0-100 (integer)
- If you answer "yes", confidence should be > 50
- If you answer "no", confidence should be < 50

CRITICAL: You MUST include all three tags (<analysis>, <answer>, <confidence>) in your response.

Your analysis and answer:
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F Output Example

F.1 Stage I Output Example
F.1.1 Stage I-Round 1 Example

Stage I — Round 3: Feature Selection Output

{
"atom_features": [
"primary_symbol", "gasteiger_q50", "gasteiger_iqr", "hba_ratio", "hbd_ratio", "aromatic_ratio",

"conjugated_ratio", "ring_ratio", "median_degree", "neighbors_top"
],

"molecule_features": [
"TPSA", "LogP", "MolWt", "HBA", "HBD", "NumAromaticRings", "NumRotatableBonds", "

NumHeteroatoms", "FormalCharge"
],

"feature_descriptions": {
"primary_symbol": "Element identity (e.g., N, O) indicates potential basic centers and H-

bonding atoms needed to engage BACE-1s catalytic Asp residues.",
"gasteiger_q50": "Median partial charge reflects local polarity/basicity, informing ionic and

H-bond interactions with the Asp dyad.",
"gasteiger_iqr": "Charge variability signals context sensitivity of electronics, affecting

strength and orientation of binding in the active site.",
"hba_ratio": "Fraction acting as H-bond acceptors; supports complementary interactions in

BACEs polar pocket and conserved waters.",
"hbd_ratio": "Fraction acting as H-bond donors; enables directional H-bonds but excess donors

can reduce CNS permeability.",
"aromatic_ratio": "Proportion of aromatic character; contributes -interactions and hydrophobic

contacts in BACE subsites while influencing permeability.",
"conjugated_ratio": "Fraction in conjugated systems; affects electron delocalization and

polarizability, tuning binding and lipophilicity.",
"ring_ratio": "Fraction of atoms in rings; increases rigidity to align pharmacophore and

reduce binding entropy costs.",
"median_degree": "Typical number of bonded neighbors; shapes steric bulk and substitution

pattern for pocket fit.",
"neighbors_top": "Most common neighboring atoms indicate functional group context that drives

specific binding interactions.",
"TPSA": "Topological Polar Surface Area; moderate values balance BBB penetration with

sufficient polarity for binding.",
"LogP": "Lipophilicity; needs to be tuned for CNS permeability while avoiding nonspecific

hydrophobic binding.",
"MolWt": "Molecular weight; size influences BBB penetration and the ability to span BACE

subsites without being overly large.",
"HBA": "Count of hydrogen bond acceptors; facilitates binding but high counts raise polarity

and desolvation.",
"HBD": "Count of hydrogen bond donors; enables key H-bonds yet excessive donors hinder

permeability.",
"NumAromaticRings": "Number of aromatic rings; provides /hydrophobic contacts and shape,

though too many can hurt solubility/permeability.",
"NumRotatableBonds": "Molecular flexibility; fewer rotatable bonds improve binding efficiency

and CNS drug-likeness.",
"NumHeteroatoms": "Total non-C/H atoms; correlates with polarity and specific interactions,

with high counts potentially impairing BBB crossing.",
"FormalCharge": "Net formal charge; 0 to +1 is typically favored for BBB penetration and ionic

interaction with catalytic Asp residues."
}

}
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F.2 Classification Task Output Example

Example Output for Classification Task – BACE

SMILES:"Fc1cc(cc(F)c1)CC(NC(=O)C)C(O)C[NH2+]C1(CCC(=O)NC1)c1cc(ccc1)C(C)(C)C"

Ground Truth:yes

Response:
<analysis>The query molecule has very similar structural features to the top positive examples,

particularly the first positive example which shares nearly identical molecular features (HBD
=4, TPSA=95.04, LogP=2.04, MolWt=488.60, NumAromaticRings=2). The key functional atoms
including the amide carbonyl (A263), hydroxyl group (A332), and ammonium group (A397) provide
essential hydrogen bonding interactions with BACE-1 catalytic aspartates. The aromatic rings
(A410, A188, A434 patterns) enable \u03c0-stacking with Tyr71. The TPSA (95.04) falls within
the optimal range for CNS penetration, and LogP (2.04) is in the preferred range for brain

exposure. The most similar negative example differs by having a ketone instead of an amide in
the ring system, suggesting the amide group in the query molecule provides better binding

interactions. The high structural similarity to multiple positive examples and optimal CNS
drug-like properties strongly support BACE-1 inhibition. </analysis>

<answer>yes</answer>

<confidence>85</confidence>

Example Output for Classification Task – BBBP

SMILES:"C3=C(C2(C1=CC=CC=C1)C(NCN2)=O)C=CC=C3"

Ground Truth:yes

Response:
<analysis>The query molecule is small (MolWt 238) and neutral, with moderate lipophilicity (LogP

1.61) and low polarity (TPSA 41.1). TPSA < 60 is typically favorable for BBB penetration.
Although HBD = 2 can be somewhat limiting, several top positive neighbors have similar HBD
(2) and comparable LogP/TPSA ranges (e.g., TPSA ~58, LogP ~0.5\u20131.77), and share key
functional motifs (amide carbonyl [A482] with adjacent nitrogens [A154/A151], and aromatic
rings). The nearest positive examples have notably higher similarity (0.36\u20130.50) than
the negatives (\u22640.21), supporting a positive prediction. Overall, the feature profile
and neighbor evidence favor BBB penetration.</analysis>

<answer>yes</answer>

<confidence>74</confidence>

Example Output for Classification Task – Clintox

SMILES:"CC1=C(C(C(=C(N1)C)C(=O)OCC[NH+](C)Cc2ccccc2)c3cccc(c3)[N+](=O)[O-])C(=O)OC",

Ground Truth:no

Response:
"<analysis> The query shares the same nitro\u2011aromatic core and ester functionalities as

multiple highly similar NEGATIVE examples (similarities 0.621, 0.446, 0.444), with very close
atom-level features (A113/A20 aromatic carbons, A340/A302 oxygens, nitro group A469/A200).
Its molecule-level descriptors (TPSA 112, LogP 2.26, HBA 7, HBD 2, MW 480) align closely with
these negatives (TPSA ~108\u2013117, LogP ~2.18\u20133.20, HBA 7\u20138). The POSITIVE set
is less similar (max ~0.205) and shows more varied scaffolds and properties. Although the
query\u2019s formal positive charge (1) may modulate some properties, the nearest-neighbor
pattern strongly favors the negative class.</analysis>

<answer>no</answer>

<confidence>34</confidence>
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Example Output for Classification Task – HIV

SMILES:"Cc1cn(C(CO)OC(CO)CN(O)C2C3CC4CC(C3)CC2C4)c(=O)[nH]c1=O"
Ground Truth:no
Response:
<analysis>The query molecule shares a highly similar core structure with both positive and

negative examples, featuring the characteristic uracil-like ring system (A457, A457, A154,
A416, A412, A482 pattern) that appears in anti-HIV compounds. However, several concerning
features suggest it may not exhibit anti-HIV activity: 1. Molecular weight (409.483) is
significantly higher than most positive examples (224-314 range) and approaches the upper
limit for drug-like molecules, potentially hindering binding pocket accommodation. 2. High
rotatable bond count (8) indicates excessive flexibility, which typically reduces binding
affinity to rigid enzyme pockets - this is higher than most positive examples (2-6 range). 3.
The complex bicyclic substituent introduces substantial steric bulk that may not fit well

into known anti-HIV enzyme binding sites. 4. While TPSA (128.02) and HBA/HBD counts are
reasonable for anti-HIV agents, the most similar negative example (similarity 0.529) shares
nearly identical molecular features (TPSA=128.02, HBA=8, HBD=4) and also contains the
problematic high rotatable bond count. The structural similarity to negative examples,
particularly the high molecular weight and flexibility, outweighs the shared core with
positive compounds.</analysis>

<answer>no</answer>
<confidence>35</confidence>

Example Output for Classification Task – Tox21

SMILES:"COc1ccc2c3c1O[C@H]1[C@@H](O)C=C[C@H]4[C@@H](C2)NCC[C@]314"
Ground Truth:no
Response:
<analysis>The query molecule has key features that align with known ER-LBD activators: HBD=2 (

including a phenolic -OH group at A423 with hbd_ratio=0.998), HBA=4, moderate LogP=1.16, low
TPSA=50.72, and rigid structure (NumRotatableBonds=1). However, it only has one aromatic ring
(NumAromaticRings=1), which is suboptimal compared to typical ER agonists that have 2-4
aromatic rings for optimal hydrophobic contact. The most similar negative example (similarity
=0.448) shares the same steroid-like scaffold with only one aromatic ring and was inactive,
while positive examples with higher similarity tend to have more aromatic character. The
presence of the essential phenolic -OH group is favorable, but the limited aromatic system
likely reduces binding efficiency to the hydrophobic ER pocket.</analysis>

<answer>no</answer>
<confidence>35</confidence>",

Example Output for Classification Task – Sider

SMILES:"CC1=C(C2=CC3=NC(=CC4=C(C(=C(N4)C=C5[C@@]6([C@@H](C(=CC=C6C(=N5)C=C1N2)C(=O)OC)C(=O)OC)C)C)
CCC(=O)OC)C(=C3C)CCC(=O)O)C=C"

Ground Truth:yes
Response:
<analysis>The query molecule shows several concerning features for carcinogenicity. It has a high

aromatic ratio (0.595-0.939 across atoms) and extensive conjugation (0.951-1.000), which
enables DNA intercalation. The presence of 3 aromatic rings and polycyclic aromatic structure
is a classic structural alert for carcinogenicity. The high LogP (6.719) indicates
significant lipophilicity for bioaccumulation, while the molecular weight (718.807) suggests
potential bioavailability issues, though the molecule may still reach nuclear targets. The
similar positive examples share key structural motifs - particularly the polycyclic aromatic
systems with nitrogen heteroatoms and carboxylic acid/carboxylate groups. The top positive
example has very similar atom-level features (same token patterns A113, A160, A162) and
comparable molecular properties (TPSA 152.19 vs 173.56, similar aromatic ring count). The
negative examples tend to have simpler aromatic systems, lower molecular complexity, and
different functional group patterns. The combination of DNA-intercalating aromatic systems,
metabolic activation potential from heteroatoms, and structural similarity to known
carcinogens supports a positive prediction.</analysis>

<answer>yes</answer>
<confidence>78</confidence>
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G Additional Experimental Results

Table 8: Regression benchmarks (RMSE ↓) across six datasets (Aqsol, Caco2, ESOL, FreeSolv, LD50, Lipophilicity).
Entries marked “—” were not reported. The Average column is computed per method over the available datasets.
The best results are shown in bold, and the runner-up results are underlined.

Method Aqsl Caco2 ESOL FreeSolv LD50 Lipophilicity Average

CoT 2.8430 13.7336 0.8944 3.4312 737.9134 1.2098 126.6709
CoT+FS 1.3486 8.6642 0.9134 3.2863 12.7961 1.2479 4.7094
DA 1.4254 17.9927 1.0194 2.4534 297.4678 1.3517 53.6184
DA+FS 1.4581 0.6335 1.0497 2.5510 1.1385 1.4555 1.3810
MolRAG — — 3.2806 6.0827 — 1.1251 —
LLM4SD — — 0.5200 2.6200 — 0.6800 —
TokenMol 0.7350 0.6110 0.5930 1.2250 0.9400 0.6450 0.7915
MoleculeSTM 1.3293 0.5409 1.1770 1.2880 0.8047 0.6944 0.9724

REAP 1.1266 0.5041 0.6504 1.0177 0.7095 0.7143 0.7871
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Table 9: Regression benchmarks (RMSE ↓). Each dataset is shown as a multirow block with per-LLM results. The
bottom row reports the average across all regression datasets and LLMs.

Dataset Model REAP DA+FS CoT+FS DA CoT

ESOL

Claude-Sonnet-4 0.5854 0.9414 0.9043 0.8589 0.9654
DeepSeek-V3.2 0.6504 1.0497 0.9134 1.0194 0.8944
GPT-4.1 0.6940 1.1039 0.9846 1.0487 0.9363
GPT-5 0.5900 0.8114 0.8529 0.8833 0.8668
GPT-5-Nano 0.7729 1.4503 1.4259 1.3622 1.3085

FreeSolv

Claude-Sonnet-4 0.9366 2.5170 2.9579 3.3703 3.3429
DeepSeek-V3.2 1.0177 2.5510 3.2863 2.4534 3.4312
GPT-4.1 1.0364 5.2186 3.9521 8.9247 11.4176
GPT-5 0.9930 2.6808 3.1213 4.2696 4.0424
GPT-5-Nano 1.0009 3.0818 2.9089 5.8587 6.8408

Lipophilicity

Claude-Sonnet-4 0.7107 1.2095 1.1821 1.2493 1.3552
DeepSeek-V3.2 0.7143 1.4555 1.2479 1.3517 1.2098
GPT-4.1 0.7338 1.2383 1.2615 1.2134 1.2376
GPT-5 0.6227 1.0466 1.0114 1.0542 1.0792
GPT-5-Nano 0.7051 1.4405 1.3494 1.3876 1.3302

Avg. RMSE ↓ 0.7842 1.8531 1.8240 2.4204 2.6839

Table 10: Regression benchmarks (RMSE ↓) across six datasets (Aqsol, Caco2, ESOL, FreeSolv, LD50, Lipophilic-
ity). The Average column is computed per method over all six datasets. To demonstrate the effectiveness of the
reasoning capability of LLMs, we further compare the KNN method with our REAP on regression tasks. As
shown in Table 10, our REAP greatly outperform than the KNN or weighted-KNN methods. Importantly, these
KNN baselines use exactly the same retrieval setup as REAP (the same similarity metric and the same top-k
neighbors), and differ only in the prediction head: KNN directly averages the retrieved labels, while weighted-KNN
performs similarity-weighted averaging. Therefore, the substantial gap between REAP and the two nearest-neighbor
baselines indicates that the improvements cannot be explained by nearest-neighbor signals alone (i.e., simply
copying/aggregating retrieved labels or priors). Instead, the LLM effectively integrates the retrieved evidence with
task instructions and chemical context to perform non-trivial reasoning beyond local interpolation, which leads to
consistently better performance across all benchmarks.

Method Aqsol Caco2 ESOL FreeSolv LD50 Lipophilicity Average

KNN 1.6771 0.5779 1.5175 10.1398 0.8169 0.9199 2.6082
Weighted-KNN 1.6580 0.5623 1.5218 9.6172 0.8054 0.9067 2.5119

REAP 1.1266 0.5041 0.6504 1.0177 0.7095 0.7143 0.7871
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Table 11: Classification benchmarks (AUROC ↑). Each dataset is shown as a multirow block with per-LLM results.
The bottom row reports the average across all classification datasets and LLMs.

Dataset Model REAP DA+FS CoT+FS DA CoT

BACE

Claude-Sonnet-4 0.8028 0.6218 0.6694 0.6891 0.6390
DeepSeek-V3.2 0.8042 0.6494 0.6373 0.6428 0.6775
GPT-4.1 0.8443 0.7087 0.7608 0.7330 0.7012
GPT-5 0.8970 0.6941 0.7106 0.7484 0.6975
GPT-5-Nano 0.6729 0.5709 0.6773 0.5984 0.6421

BBBP

Claude-Sonnet-4 0.8173 0.7604 0.7730 0.7315 0.7686
DeepSeek-V3.2 0.8246 0.5510 0.6660 0.4918 0.6121
GPT-4.1 0.8074 0.7335 0.7584 0.7304 0.7570
GPT-5 0.8731 0.8856 0.8340 0.8685 0.8435
GPT-5-Nano 0.7259 0.4175 0.4439 0.3435 0.4081

ClinTox

Claude-Sonnet-4 0.7614 0.4030 0.5085 0.4870 0.5353
DeepSeek-V3.2 0.8163 0.7792 0.6283 0.8459 0.8902
GPT-4.1 0.7514 0.5584 0.5589 0.3223 0.2887
GPT-5 0.8856 0.5799 0.6033 0.7524 0.5258
GPT-5-Nano 0.6927 0.4301 0.5075 0.1574 0.4769

Avg. AUROC ↑ 0.7985 0.6229 0.6492 0.6095 0.6309
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