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Abstract

Computer-aided synthesis planning (CASP) has advanced substantially over the past decade.
However, gains on conventional metrics do not mean that algorithms have truly mastered
comprehensive chemical knowledge or can deliver practical routes with high yield and high
selectivity. In real synthetic settings, chemists must contend with key chemical constraints such as
chemoselectivity, regioselectivity and steric hindrance. Current algorithms are trained on reaction
datasets dominated by successful examples, and the scarcity of failed reactions makes reaction
boundaries and limiting rules difficult for algorithms to learn. Meanwhile, the main evaluation metrics
in use rarely examine whether all of an algorithm’s predictions are feasible. Inspired by adversarial
testing in machine learning, we introduce the concept of “trap molecules”: molecules deliberately
designed to lure synthesis-planning algorithms into characteristic errors. Trap molecules enable a
systematic assessment of how well algorithms have mastered basic chemical principles. They are
generated by an Al agent guided by common reaction SMARTS templates and reaction SMILES.
Evaluation combines two modes: a pre-set matching test and an agent-based test. We applied the
framework to three retrosynthesis algorithms built on different principles (UAlign, SimpRetro and
RetroChimera) and performed tests and case studies on chemoselectivity, regioselectivity and steric
hindrance. The results reveal marked weaknesses of these retrosynthesis tools on all three problem
types, with error rates in top-20 predictions ranging from 66% to 100% across different problems and
algorithms. Overall, trap molecules reveal limitations of current synthesis-planning algorithms, and
this testing approach offers a strategy and tool for developing more practical synthesis-planning

systems.
Scientific Contribution

Conceptual contribution: We introduce molecular traps as an adversarial stress-testing
framework for identifying potential selectivity- and feasibility-related failure modes in retrosynthesis
predictions.

Methodological contribution: The framework combines preset reaction matching, agent-assisted

screening, and manual verification to evaluate three retrosynthesis algorithms across chemoselectivity,

regioselectivity, and steric-hindrance challenges.

Practical contribution: It complements conventional top-k accuracy and route-solve metrics with
target-level stress-test outcomes, providing a structured approach for diagnosing model limitations

and improving synthesis-planning systems.
Keywords

Computer-aided synthesis planning; Retrosynthesis; Molecular traps; Adversarial testing; Reaction

selectivity
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Introduction

Over the past decade, computer-aided synthesis planning (CASP) has developed rapidly 2], and

B 41, Existing

data-driven approaches to chemical synthesis planning have continued to emerge
retrosynthesis methods include expert-rule °-7, template-based 312!, semi-template >3], template-
free 121 and hybrid > 2* approaches. Modern retrosynthesis algorithms can quickly propose many
possible synthetic routes for organic molecules, and benchmark metrics such as top-k accuracy and

1,12,25

route solve rate have improved steadily [ ! (Fig. 1a). These advances provide a solid foundation

for Al-assisted synthesis.

However, improvements on these metrics do not imply that algorithms have mastered all relevant
chemical knowledge, nor do they guarantee that algorithms can generate practical routes !> 1324,
Synthesis planning aims not only to predict reaction pathways that lead to the target product but also
to find practical routes with high yield and high selectivity (Fig. 1b). In real-world synthetic analysis,
chemists must handle constraints such as chemoselectivity, regioselectivity and steric hindrance. For
example, catalytic hydrogenation of a nitro group may also reduce an aldehyde in the same molecule
(261 so selective conditions or a protecting group may be needed ?’7. When a molecule contains two or
more non-equivalent reactive sites, reacting only one of them is usually difficult and readily gives a
mixture of regioisomers. Because regioisomers are often difficult to separate [®!, synthesis planners
generally avoid such routes. Steric effects are comparatively limited in scope and are therefore easily
overlooked; however, with too much bulk at the reaction center, high yields may be difficult to

achieve 1.

Current synthesis-planning algorithms are trained mainly on reaction datasets % *!, among
which USPTO is one of the most widely used open data sources **77). This dataset holds almost
exclusively successful reactions and lacks failed cases 7 %], When rules are extracted in a purely
data-driven manner, algorithms therefore struggle to learn reaction boundaries and limiting rules (Fig.
I¢c). Moreover, current algorithm evaluation relies mainly on top-k accuracy. This metric checks
whether the recorded answer is among the model predictions but does not check whether the other
predictions are correct or feasible. Metrics such as solve rate check whether an algorithm can break a
target molecule down to purchasable materials within a limited number of steps or time [ 1231, They

likewise say little about route quality, so the solved routes may include infeasible or impractical ones.

Inspired by adversarial testing in machine learning (Fig. 1¢) 1%, we propose the concept of trap
molecules, that is, molecules deliberately designed to induce characteristic errors in synthesis-
planning algorithms. Testing with trap molecules can assess whether an algorithm has mastered basic
chemical principles such as chemoselectivity, regioselectivity and steric hindrance. It thereby rapidly
identifies the boundaries of an algorithm’s capabilities and provides an empirical basis for subsequent

improvement.
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The evaluation comprises two test modes. The pre-set matching test checks whether a
retrosynthesis algorithm produces the predefined erroneous results, that is, the preset errors. The
agent-based test judges every prediction for chemoselectivity, regioselectivity or steric problems,
thereby capturing errors beyond the preset scope. In this study, we applied the trap-molecule
framework to three retrosynthesis algorithms with different design principles: UAlign ??, SimpRetro
(121 and RetroChimera >*, We performed case analyses and comparative tests for chemoselectivity,
regioselectivity and steric hindrance (Figs. 3—5). The results show that all three tools have clear
weaknesses on these problems, with error rates varying by trap type and test mode. The agent-based
test also uncovered failure modes not covered by the pre-set matching test, including absurd

predictions, indicating that agent-based review can complement rule-based preset testing.
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Fig. 1| Overview of molecular traps for evaluating synthesis-planning algorithms.
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Methods

Generation of trap molecules

We constructed three classes of trap molecules, targeting chemoselectivity, regioselectivity and
steric hindrance. Each trap molecule was recorded in SMILES format. One or more predefined
potential erroneous reactions, the preset errors, were defined at generation time for subsequent pre-set
matching. The final test set contains 100 chemoselectivity, 100 regioselectivity and 27 steric trap

molecules.

Chemoselectivity and steric trap molecules

Chemoselectivity and steric trap molecules were obtained by SMARTS-guided design, using 100
common reaction SMARTS templates (Fig. 2a). These templates encode chemical reactions and are
commonly used in template-based or template-assisted retrosynthesis algorithms. For each SMARTS
template, an agent (Codex in this work) modified the substrates under the constraints of prebuilt
generation skills. Chemoselectivity trap molecules were designed to retain the target reaction center
while adding a sensitive group. Under the usual reaction conditions, such a group may also react, be

29,41, 421 Steric trap molecules

consumed concurrently or interfere with the intended transformation [
were built from classic two-reactant, single-product transformations selected from the same templates.
The agent introduced bulky groups (e.g., tert-butyl) around the reaction center. As a result, the
attacking reagent, coupling partner or catalytic system encounters local steric crowding when
approaching the reaction center **!. For each trap molecule, preset errors were defined at generation
time. These are the mistakes the tested algorithms are expected to make, derived from the design

rationale and commonly used reactions.

Regioselectivity trap molecules

Regioselectivity trap molecules were obtained by USPTO-case modification, that is, by
modifying specific reaction SMILES records from USPTO (Fig. 2a). A preset SMARTS first selected
a concrete reaction case matching the target transformation. The agent, constrained by the generation
skills, then copied the reaction center so that the substrate contains two or more copies of it. The
candidate sites had to be in similar but non-equivalent chemical environments. Modifications
preferentially added a competing group of the same type to the original scaffold or moved an existing
group. Overall symmetry was usually broken by small differences in peripheral short alkyl groups
(e.g., Me vs Et on the ring), so that the copies differ only slightly. As with the other classes, preset

errors were defined for each trap molecule at generation time for subsequent testing.

Testing protocol

We tested three algorithms built on different design logics. UAlign is a template-free, data-driven

deep-learning algorithm 22!, SimpRetro is a template-based method built on data-driven automated
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24, For each trap

templates [, and RetroChimera is a hybrid that combines both approaches |
molecule, UAlign, SimpRetro and RetroChimera were each used to generate top-20 single-step
retrosynthesis predictions as test data (Fig. 2b). The pre-set matching test was applied first, asking
whether any of the 20 predictions exactly reproduces a preset error. Reaction SMILES were parsed
with RDKit, and only the reactants>>products form was used. For each trap molecule, if any of a
model's top-20 predictions matched a preset error, that molecule was counted as a hit; even if the
same molecule matched multiple preset errors, it was counted only once. Clearly, this approach can
only verify whether a retrosynthesis algorithm makes common, anticipated errors, so it is inherently
limited and may underestimate the problems of retrosynthesis algorithms. We therefore also
introduced an agent-based test, in which the agent judges the predictions autonomously and issues
warnings, using skills that include some erroneous examples for reference. For molecules with no hit,
the reactions that received agent warnings were checked manually; a molecule was counted as a new
hit if at least one error was confirmed. Several caveats apply. Because the predicted reactions do not
specify complete reaction conditions, chemoselectivity was judged mainly against commonly used
conditions, which may introduce some error. For regioselectivity, we assessed whether a
regioselectivity problem would arise, assuming that the predicted reaction can proceed. Some
molecules in the steric test may have no efficient synthetic method at all. In addition, the
retrosynthesis algorithms produced absurd predictions that are difficult to rationalize with
conventional chemical knowledge and are mostly algorithmic hallucinations ?*l. These cases do not
involve chemoselectivity, regioselectivity or steric problems, but this does not make them correct; on

the contrary, such problems should be addressed first.
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Fig. 2 | Generation of molecular traps and the model-testing workflow. a. Generation strategies for trap molecules:

SMARTS-guided design and USPTO-case modification. b. Workflow for testing the three algorithms.

Results

Exploring chemoselectivity

Chemoselectivity problems arise mainly when several functional groups in a molecule may react
competitively under the same reaction conditions. In retrosynthesis, chemoselectivity problems are
more condition-dependent than regioselectivity problems. Because reaction conditions are not fully
fixed, selectivity can be improved by adjusting them. Some apparently risky routes may still proceed
selectively under specific conditions. The trap molecules constructed in this section mainly address

chemoselectivity risks under the usual reaction conditions.

Trap-molecule generation was guided by 100 common reaction SMARTS templates (Fig. 3a),
which are widely used in retrosynthesis algorithms. We then used prebuilt generation skills to direct
the agent to generate qualifying trap molecules. The main approach was to retain the target reaction
center while adding a sensitive group that also reacts under the usual conditions. For example, the
SMARTS for the classic Suzuki coupling of an aryl bromide with an arylboronic acid is [c:1]-
[Br].[c:2]-[B](-[OH])-[OH]>>[c:1]-[c:2]. The agent built a trap molecule by adding an iodo
substituent (C—I) to the product as a competing group. The rationale is that an algorithm that knows
the basic coupling rule but has not adequately mastered chemoselectivity may propose coupling the

aryl bromide with the boronic acid. In such a prediction, the C—I site is left untouched even though C—
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I couples faster than C—Br, so the route would give the wrong product. This yields the preset error

together with the trap molecule: “Brelccc(I)ncl.OB(O)clcceec1>>Iclece(-c2cceee2)enl”.

Preset errors cannot cover every way in which a retrosynthesis algorithm may produce a
problematic prediction, so the agent-based test is necessary (Fig. 3b). For example, in an amide-
synthesis case, the preset error may use an acyl chloride. The actual predictions, however, may show
the same problem with another acyl donor, such as an acyl bromide, an acyl fluoride or an active ester.

With no exact match with the preset error, such predictions are missed by the pre-set matching test.

We evaluated the top-20 predictions of all three retrosynthesis methods. Of the 100
chemoselectivity trap molecules, 51, 58 and 56 were hit in the pre-set matching test for UAlign,
SimpRetro and RetroChimera, respectively (Fig. 3c¢). For each of these targets, at least one preset
error appeared among the top-20 predictions. In the subsequent agent-based test, the agent judged
each algorithm’s 2000 predictions one by one. For molecules with no hit, the agent warnings were
then confirmed by hand to determine whether a chemoselectivity problem was present. The agent-
based test plus manual check added 15 hits for UAlign, 19 for SimpRetro and 15 for RetroChimera,
giving totals of 66, 77 and 71.

a reaction center ¢ trap site

SMARTS template Trap molecule Preset error Set during design

[c:1]{Br]. ' ’] ey NTY N HO N
[c:2HEBI(-OH]) {OH] L!‘T_Q_@ s :"l'@B' 7 'h_G —"'"—O_@
T N HO N
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that als der | C-| added: competing group X C-I couples faster than C-Br, so this route gives the wrong product
the usual conditions
b c
Preset error Trap molecules with a chemoselectivity problem
(o]
o] \—( .
o HEN—Q—\.-—-,_ . M Pre-set matching test
Cl LNHZ’: HN N =
NH! [71 Agent-based test + manual check
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v ar o, R "
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Agmu-bnsad test & warning: potential chemoselectivity problem

Fig. 3 | Design and test results of chemoselectivity traps. a. Molecule-generation strategy and example. b. Typical preset

error and an unexpected erroneous prediction. c. Test results: trap molecules with a chemoselectivity problem.

Exploring regioselectivity

Regioselectivity is an important topic in organic chemistry and a fundamental issue in synthesis

planning. In practical synthesis, the main consequence of poor regioselectivity is the formation of
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regioisomers, which are difficult to separate. By-products of chemoselectivity problems are usually
separable by chromatography. Regioisomers, by contrast, have similar polarities, usually co-elute and
in most cases are hard to separate even by chromatography (Fig. 4a). If route design requires only that
the target product be obtained, it is somewhat justifiable for an algorithm to ignore regioselectivity. In

real-world synthesis, however, such seemingly simple routes often lack practical value.

Regioselectivity trap molecules were generated by modifying USPTO reaction data. We used a
preset SMARTS to select specific reaction cases and then modified these reactions (Fig. 4b). The core
logic of the modification is to generate multiple (two or more) copies of the reaction center and ensure
that they reside in as similar chemical environments as possible. For example, the recorded reaction is
the hydrolysis of a phenylacetate ester to the corresponding carboxylic acid. After modification, a
methyl and an ethyl group on the benzene ring tell the two methyl esters apart only slightly, leaving
them in nearly the same environment. Hydrolyzing only one of the two esters is therefore difficult.
Cases in which the reacting functional groups are identical but their surroundings differ substantially
must be avoided. A typical failure is a coupling substrate bearing bromine at both the 2- and 3-
positions of a pyridine ring. Because the 2-position may be more reactive, the two sites are not truly
equivalent, and the reaction may still be selective. Trap construction must therefore consider the
chemical environment within a certain radius of the reaction center rather than compare only the

reacting groups themselves.

Regioselectivity traps also elicited unexpected erroneous reactions. For example, in an acid—
amine condensation case, the retrosynthesis algorithm predicted anhydride aminolysis instead, a ring-
opening route that likewise poses a regioselectivity problem. In another interesting case, the preset
error was the reduction of a reactant containing two alkenes, but the algorithm instead predicted an
alcohol dehydration. This prediction also carries a regiochemical preference, because the elimination

would generally follow Zaitsev’s rule (Fig. 4c).

We evaluated the top-20 predictions of all three retrosynthesis methods. Of the 100
regioselectivity trap molecules, 49, 48 and 69 were hit in the pre-set matching test for UAlign,
SimpRetro and RetroChimera, respectively (Fig. 4d). In the subsequent agent-based test, the agent
judged each algorithm’s 2000 predictions one by one. For molecules with no hit, the agent warnings
were then confirmed by hand to determine whether a regioselectivity problem was present. The agent-
based test plus manual check added 36 hits for UAlign, 40 for SimpRetro and 24 for RetroChimera,
giving totals of 85, 88 and 93.
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Fig. 4 | Design and test results of regioselectivity traps. a. Regioisomers often make separation difficult. b. Molecule-
generation strategy and example. c. Typical preset errors and unexpected erroneous predictions. d. Test results: trap

molecules with a regioselectivity problem.

Exploring steric hindrance

Steric hindrance around the reaction center raises the activation barrier of the reaction 1. When

the reaction center is too crowded, the reaction may give only trace product or none at all (Fig. 5a).

For steric traps, we selected classic two-reactant, single-product reactions and designed 27 trap
molecules guided by SMARTS templates. The design logic was to add bulky groups, such as tert-
butyl, around the reaction center. For example, a classic Suzuki coupling can be converted into the
highly hindered reaction shown in Fig. 5b, in which four ortho #-Bu groups block the coupling. Note

that efficient methods for constructing such molecules may not currently exist.

This class of problem likewise includes unexpected predictions. For the reaction of a sulfonyl
chloride with an amine to form a sulfonamide, the actual test returned a sulfonyl fluoride instead of

the chloride (Fig. 5¢). The fluoride is a less reactive sulfonyl donor and faces the same crowding.

We evaluated the top-20 predictions of all three retrosynthesis methods. Of the 27 steric trap
molecules, 21, 26 and 25 were hit in the pre-set matching test for UAlign, SimpRetro and

10
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RetroChimera, respectively (Fig. 5d). The subsequent agent-based test plus manual check added 4 hits
for UAlign, none for SimpRetro and 2 for RetroChimera, giving totals of 25, 26 and 27.
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Fig. 5 | Design and test results of steric traps. a. Steric hindrance raises the reaction barrier and often makes reactions
difficult. b. Molecule-generation strategy and example. c. Typical preset error and an unexpected erroneous prediction. d.

Test results: trap molecules with a steric problem.

Hallucinations and other issues

The agent-based test and manual check also detected several other classes of problems, which

15.19.24] ' These problems indicate that the

may stem from hallucinations of deep-learning algorithms [
algorithms have not learned stable reaction rules. In fact, addressing such problems should take
priority over refining reaction-selectivity rules. The simpler cases include “no reaction”, in which the
product appears directly among the reactants, and “magic reactions”, in which a complex compound
is made from methane alone (Fig. 6a). Such problems are self-evident. Other simple cases are
unreasonable changes in position: after Boc deprotection of an amino group, for example, the nitrogen
atom moves to a different ring carbon. Complex hallucinations take several forms (Fig. 6b). The first
is “complex precursor, simple product”, in which extremely complex reactants are used to make a

simple product. Even if such a reaction is feasible, it usually violates basic principles of synthesis

design. Second, reactants predicted for two different routes may be mixed into one route, giving

11



264  strange results. Third, complex reactions that are difficult to achieve may be generated, such as
265  pyridine hydrogenation combined with ring expansion. Finally, even template-based methods can
266  apply an incorrect template, producing strange predictions in which, for example, the coupling partner
267  loses its dichlorophenyl ring. In summary, reducing reaction hallucinations may be an important
268  engineering task before selectivity rules are further optimized.
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b
i Complex precursor, simple product ii Two routes mixed into one wrongly
[ RetroChimera [UAlign
NH
i U Vo ng %
z©/\/ )’\N NN *OHNT N &
H — 7 Nl
/N\ Br Br
complex and unreasonable precursor already contains the whole product (blue) either pyridine alone would do (bromination or N,N-diethylation)
iiiComplex reaction that is difficult to achieve ivincorrect template Even with the template method, ]
(RAGoChimeTa (SimpRetro) hallucination-like errors may still occur.
=N N /
AN, \_<\:/) —_— ( HO.‘B S -~ . "
o~ OH 75
pyridine hydrogenation and ring expansion with the amine the p)l(n(.r loses its dichlorophenyl ring
269
270 Fig. 6 | Other absurd predictions. a. Simple cases. b. Complex cases.
271
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Discussion

Main findings and comparison of algorithms

This study introduces trap molecules as adversarial evaluation cases to probe the limitations of
retrosynthesis algorithms in chemoselectivity, regioselectivity and steric hindrance. Pairing an agent
with skills for generation and testing improved the efficiency of both design and testing. The
combination of pre-set matching with the agent-based test and manual check makes detection both

efficient and sound.

Tests of UAlign, SimpRetro and RetroChimera show that all three algorithms have weaknesses
along these dimensions. The overall problem rate was 66%—77% in the chemoselectivity test, 85%—
93% 1in the regioselectivity test and 92.6%—100% in the steric test. These results indicate that current
algorithms have an incomplete command of such knowledge. They also partly support the hypothesis

that reaction data lacking failures and boundary cases may give rise to such problems.

Limitations of the molecular-trap framework

Not all organic molecules can currently be synthesized by high-yielding, highly selective
methods. Some trap molecules may therefore lack an ideal route altogether. When a model is required
to output predictions (i.e., it cannot choose to abstain), the probability of producing problematic cases

increases accordingly. This issue should be considered when applying the framework.

Implications for CASP evaluation

Molecular traps extend evaluation from conventional top-k accuracy and solve rate to active
stress testing and can provide more specific feedback for algorithm improvement. Future ranking and
evaluation metrics for retrosynthesis algorithms should be more diverse and should fully account for
practical synthetic needs. The agent-based test shows that agents can assist in reviewing algorithm
predictions, although they are currently limited by cost and computational speed. Developing cheaper,
faster chemistry-specific judgment models based on agent technology for real-time analysis of

retrosynthesis predictions may open a new direction for improving retrosynthesis algorithms.

Conclusion

We have proposed a generate-and-test framework for trap molecules and designed trap-
generation strategies based on SMARTS templates and reaction SMILES. Using the generated
molecules, we performed pre-set matching and agent-based tests on retrosynthesis algorithms and
systematically evaluated three algorithms with different design logics. The results show that all three

tools have problems with chemoselectivity, regioselectivity and steric hindrance, leaving considerable

13



304  room for improvement. The generate-and-test framework can complement conventional evaluation
305 metrics by assessing how well synthesis-planning algorithms have mastered basic chemical
306  constraints. The agent-based testing and judgment scheme can also serve as a reference for developing

307  more refined retrosynthesis algorithms.

308

309
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