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ABSTRACT

Multi-step retrosynthesis planning is often considered solved once a route to pur-
chasable starting materials is found, but such a route should also be practical in
real-world chemistry. Recent LLM-based planners formulate this process as se-
quential decision-making over an AND-OR graph, yet typically expand a sin-
gle molecule per turn and are optimized for solvability alone, leaving alterna-
tive routes uncompared across the multiple objectives that determine practical-
ity before the search budget is committed. We introduce RETROPLANNER, an
LLM-based planner that jointly compares multiple routes to steer the search to-
ward higher synthesizability, as measured by reaction plausibility, round-trip con-
sistency, and starting-material price. RETROPLANNER is trained to reason over
chemical evidence: structural progress from the target molecule, bond changes
and reaction classes, where candidate routes diverge from one another, and how
they rank across multiple objectives. Experiments on multi-step retrosynthesis
benchmarks demonstrate that RETROPLANNER recovers more alternative routes
than prior LLM-based planners while improving synthetic route quality and main-

taining a high success rate.

1 INTRODUCTION

Multi-step retrosynthesis planning is a fundamen-
tal task in organic synthesis and drug discovery
that identifies a sequence of reactions connecting
a target molecule to starting materials available
in a set of purchasable building blocks (Corey &
Wipkel [1969). This task is commonly formulated
as a search over an AND-OR graph (Schreck
et al., 2019; [Chen et al., [2020), in which a
single-step retrosynthesis model proposes can-
didate precursors and a planner determines the
next molecule to expand. A planner’s effective-
ness depends on how it explores the search space
within the available expansion budget and on how
it maintains the quality of the routes it recovers.
Conventional planners control the search proce-
dure using predefined algorithms (Segler et al.|
2018} [Kishimoto et al., 2019; Xie et al.| [2022)
or learned value functions that estimate the fu-
ture cost from a candidate (Liu et al., [2023; Han
et all 2022), allocating the budget by a static
rule aimed only at reaching building blocks. Re-
cent studies turned to treating route practicality
as an explicit objective, formulating planning as
a multi-objective search over criteria beyond suc-
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Figure 1: Since routes that dominate the agent’s
returned routes on reaction plausibility, round-
trip consistency, and starting-material price are
often already exposed during search but left un-
expanded, RETROPLANNER recovers them by
jointly expanding multiple frontier molecules
and comparing them in a single multi-objective
decision per turn.

;‘ZCorresponding authors. Code is available at https://github.com/KU-AGI/RetroPlanner.
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cess rate (Hastedt et al. [2026), with benchmarks following the same shift by asking whether each
reaction along a route has synthetic precedent (Zagribelnyy et al.| [2026).

Large language models have recently been used as agentic planners that interact with the single-
step model through a sequence of tool calls (Liu et al., [2026} [Zhu et al., [2026} |Chang et al., |2026).
Existing agents may attach multiple reaction candidates when expanding a molecule, but each turn
still commits the search to a single frontier molecule. This makes it difficult to compare competing
routes under the limited search budget, even though the candidates at the other frontier molecules
could be considered in the same turn. Such a comparison starts at the step level, where each decision
determines the synthesizability of the resulting route: the chosen reaction should be plausible under
the distribution of known reactions (Lowe, [2017), as measured by the reaction filter models used
in multi-step search software (Genheden et al., |2020; Tu et al., 2025; [Maziarz et al., 2025). In
addition, each decision should consider whether the predicted precursors reproduce the product
under a forward model, known as round-trip consistency (Schwaller et al.| [2020; Lin et al., [2022),
and at the route level, whether the route reaches inexpensive starting materials, as estimated by a
price predictor (Hastedt et al., [2025).

To motivate our approach, we examine the routes available within a retrosynthetic search space built
for targets from the subset of the USPTO-190 (Chen et al., 2020) benchmark that are solvable within
a depth of five, where R-SMILES (Zhong et al.| 2022)) returns its top-4 reaction candidates for each
molecule. We compare these routes from four different views: (1) Agent Expanded: routes success-
fully found by RetroAgent (Zhu et al.L[2026)), (2) Exposed, but Unexpanded: routes whose molecules
are opened by the agent during search but are not further expanded, (3) Unexposed: routes recov-
ered only by exhaustively expanding that space with the same candidates, and (4) RETROPLANNER:
routes recovered by our planner through joint multi-route expansion and multi-objective compari-
son. As shown in Figure [I| many routes that dominate the agent’s routes in reaction plausibility,
round-trip consistency, and starting-material price are already within its reach, among those the
agent itself opened and left unexpanded. Among the 42 targets solved by the agent in this 60-target
subset, the agent’s route is dominated by some route in the search space on 78.6% of them, and
on 64.3% that dominating route is already among those exposed but left unexpanded. Recover-
ing these routes benefits from two components: opening several molecules within a turn places their
candidates in view at once, and comparing candidates across the three objectives helps retain synthe-
sizable routes. RETROPLANNER is designed to realize this behavior by jointly expanding multiple
frontier molecules and comparing their candidate routes in one multi-objective decision.

In this paper, our contributions are summarized as follows.

* Multi-Route Expansion. We formulate frontier expansion as a joint decision over multiple
molecules. RETROPLANNER opens several frontier molecules within the same turn, so that
competing routes are evaluated against one another, yielding more diverse routes.

* Multi-Objective Reasoning. We define route quality as a reasoning objective over reac-
tion plausibility, round-trip consistency, and starting-material price, so that each expansion
decision explicitly states the structural change of the molecule, examines how generally
applicable the reaction is at the bond and reaction-class level, and specifies where the can-
didate stands among the routes already explored and which objective separates it from the
alternatives.

* Diverse and Synthesizable Route Discovery. RETROPLANNER recovers substantially
more alternative routes than prior LLM-based planners while improving their synthesizabil-
ity across decision signals, approaching dedicated multi-objective search methods while
maintaining a high success rate.

2  METHOD

2.1 PROBLEM FORMULATION

We first formulate multi-step retrosynthesis planning as a sequential search over an AND-OR graph
that evolves over search turns. Let M be the set of all molecules and R the set of all reactions, and
lett = 0,1,...index the search turn, with ¢ = 0O the initial state containing only the target molecule
my. At turn ¢, the current search graph is denoted by:

gt = (Vt]WthR>gt)7 (])

where VM C M and V' C R denote the sets of molecule nodes m € M (OR nodes) and reaction
nodes r € R (AND nodes) discovered up to turn ¢, respectively. & is the set of directed edges
between molecules and reactions at turn ¢t. We keep G; a directed acyclic graph (DAG), where a
molecule appears as a single node shared by every route that contains it. RETROPLANNER therefore
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Figure 2: Planning on the same target under three expansion patterns, corresponding to the strategies
analyzed in Section[d.1} (a) Single-route expansion extends one route per turn, as in Retro-R1. (b)
Sequential multi-route expansion grows several routes, but each turn opens and ranks one frontier
molecule, as in RetroAgent. (c) Parallel multi-route expansion, used by RETROPLANNER, runs
three stages per turn: open selects multiple molecules from the frontier set O, to expand at once,
rank jointly orders the reaction candidates of the opened molecules for expansion through multi-
objective reasoning over reaction plausibility (P), round-trip consistency (RT), and starting-material
price (C). done commits routes whose leaves are all in the building-block set 55.

observes the explored routes on the same graph, as shown in [Figure 2(c)l so a candidate can be
compared against the routes already explored.

Let BB C M denote the set of purchasable building-block molecules, and ch(-) denote the children
of a node. Standard AND—-OR semantics then give

SOLVED;(m) <= m € BB V 3r € chy(m) : SOLVED(r), 2
SOLVED,(r) <= Vm' € chy(r): SOLVED,(m’), 3)

so a molecule is solved once any one of its reactions is, whereas a reaction needs its precursors m’
to be solved. We define the set of frontier molecules at turn ¢ as

Op = {meVM:-soLvED(m)}. )

O, is the set of molecules that are not yet solved and therefore remain candidates for expansion.
Since opened molecules retain their candidates, the agent can revisit them at later turns and expand
several at once, yielding alternative routes through the same subgraph.

2.2 OVERVIEW OF RETROPLANNER

LLM planner with environment. At turn ¢ the planner observes the search graph G; and acts
according to LLM policy 7y (- | he) with history hy = (Go, ag, -+ ,Gt—1,a:—1,Gt). An action a;
consists of decisions, where z denotes a reasoning trace preceding the corresponding decision,

open

dt — (Zt open rank CLrank Zdone adone). (5)

L A R R A R A N

The three decisions correspond to the open, rank, and done stages of a turn. The episode ter-
minates when the planner takes the terminal action a7, They are generated autoregressively so
that every decision is conditioned on history produced earlier in the turn, including the trace that
precedes it.

Multi-Route Expansion. Existing agentic planners (Liu et al.| [2026; |Zhu et al.| [2026)) typically
operate on a single frontier molecule per turn: the top-/ reaction candidates branch only within
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that molecule, never across molecules, so the graph widens only locally as in [Figure 2(a) and (b)]
We instead allow set-valued decisions over multiple molecules m € O, to simultaneously explore
diverse routes and balance multi-objective trade-offs within a single turn. In the open stage, the
agent jointly selects a subset of molecules to expand,

% C O, ©)

and invokes open; for each selected m, the environment provides fx (m), the top-K reaction can-

didates proposed by the single-step model f(-). Prior planners are restricted to |a;¥"| = 1 and thus
advance a single route per turn.

In the rank stage, the action af®"* orders reaction candidates of each opened molecule under the
multi-objective criterion and determines how many of the top-ranked reactions to expand for each

opened molecule.
air™ e [ S<w(fx(m)), (7

meaFe"

where S<, (fx(m)) denotes the ordered tuples of one to L distinct candidates from fx (m): K

limits how many candidates are considered per molecule, and the expansion limit L caps how many
of them are expanded. In our setting we use K = 10 and L = 3.

The environment attaches every selected reaction with its precursors to the graph, so several routes
grow within a single turn. In the done stage, a{°™® commits the routes the agent judges to be
complete; the molecules on a committed route are solved and therefore leave O, and the search
continues on the routes that remain.

Multi-Objective Reasoning. Expanding multiple routes exposes alternatives with different qual-
ity trade-offs. We consider synthesizability through three objectives: reaction plausibility, round-trip
consistency, and starting-material price. We therefore train the agent to reason over these objectives
rather than optimizing only for success rate. Rather than imposing a fixed weighting across the
search, different objectives can guide individual expansion decisions, collectively shaping the trade-
off among the three objectives at the route level.

Every reaction candidate r € fx (m) is therefore displayed with its plausibility p, round-trip consis-
tency rt, and starting-material price c, so that candidates are comparable both within a molecule and
across the opened molecules. For any route p in the current graph, route quality is the multi-objective

vector
u(p) = [up(p), ur(p), uc(p)], (8)

which the agent uses to compare routes against one another during the search, whether they are
solved or still being explored. This reasoning takes place in the rank trace zf"*, where the agent

compares candidates along the three objectives before committing to the ordered selection af®"*.
The agent also considers auxiliary signals, such as single-step model confidence q and structural
descriptors of molecules in the current graph, which inform the comparison of candidates and partial
routes.

2.3 REASONING SCHEMA

Evidence-Grounded Reasoning. We require the agent to specify the evidence behind each choice
in reasoning field. First, the MOLECULE field compares the molecule at the current depth with the
target, characterizing how far its structure has been simplified through changes in scaffold, size,
rings, stereochemistry, and precursor-fragment decomposition. Second, the DISCONNECTIONS
field identifies the bond changes and associates the transformation with a reaction class when avail-
able, allowing each candidate to be recognized as a known transformation. Third, the DECIDING
field references numerical signals provided on the search graph, such as reaction plausibility, round-
trip consistency, and starting-material price, so that candidates and the routes they extend can be
compared against all explored partial routes, with every selected candidate carrying two subfields,
diverging fromand ordered by. Detailed examples for all three fields are provided in Sec-
tion

Comparative Grounding across Routes and Objectives. In the diverging from subfield,
the agent refers to the explored route or the competing candidate in the same turn that is most relevant
to the candidate, based on the acquired chemical evidence and the search history. It also notes when
the molecule has not been expanded by any explored route. In the ordered by subfield, the agent
identifies the objective most decisive for ordering the candidate among its competing alternatives
in the current decision. Different objectives can therefore be decisive at different steps along the



Preprint.

Primary

Plausibility Cost

»

O

Candidate Ordering

Cand C1 C2 | ©C3
Pt 077 10 | 098

< !
] o~
Y4 RTL 3 1 1
ci 014 028 011
Conf 0.16 044 | 023

= OR8E-0 |m L}

Structure

Target ... ‘ s
g L N
\/(/‘,O/ i Bond  Reaction
Change Class

B~ G mecrertin

Reasoning Trace l
<MOLECULE>

Verify

o) v Target comparison v
Round-trip K < > 0 ‘O b 4 <DISCONNECTIONS>
Route Orderi X v Split&  Scaffold Reaction-level evidence v
Auxil DT Candidates Fragments Change <DECIDING> i
AL oHom-- :
R1 (€] P Comparative signals X -4

Thedey T

= Reasoning
R2 R1 Evidence

Figure 3: (a) Multi-objective reasoning. Reaction candidates are compared on three primary deci-
sion signals and auxiliary signals, which are referenced to order the candidates of each molecule.
(b) Reasoning trace construction. Structural and reaction-level evidence is collected for the target
and its candidates; a teacher LLM writes the MOLECULE / DISCONNECTIONS / DECIDING trace
from that evidence, and each field is verified against the search graph, with detected inconsistencies
returned as repair feedback until the trace passes.
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same route. The primary objectives are reaction plausibility p, forward round-trip consistency rt,
and starting-material price c, the last on a normalized log scale. Single-step confidence ¢ serves as
an auxiliary signal when the leading candidates are nearly tied on the primary objectives.

2.4 TRAINING

Dataset. We construct the training set from the PaRoutes (Genheden & Bjerruml 2022) training
split. Each target is searched once with Retro*-0 (Chen et al., 2020), using R-SMILES (Zhong
et al., 2022) as a template-free single-step model to sample diverse retrosynthetic candidates while
reducing dependence on template coverage. We Pareto-rank the searched routes over the three
synthesis objectives and merge a diverse subset of high-ranking routes at their shared intermediates
into a single directed acyclic graph, with the selection procedure detailed in Section[A3] We then
replay this graph breadth-first in a deterministic simulation of the planning environment, which
converts each step into one of the planner’s actions: open, rank with the number of committed
candidates, or done, and ends the episode with final. We use Qwen3.8-27B (Qwen Team, [2026)
as a teacher model to generate reasoning traces for these actions, verified as described in Section[2.3]

Training with Verified Reasoning. During training corpus construction, the structured reasoning
schema enables direct verification against the search graph, as illustrated in Every
numerical value cited in the reasoning trace must match what the graph records. For example, a
reasoning trace reporting value : 0.82 for a selected candidate whose recorded plausibility is 0.67
fails verification. For each selected candidate, the route cited in diverging from must exist in
the graph and differ from the selected candidate as stated, and the objective cited in ordered by
must separate the candidate from its competitors in the stated objective. A failed trace is returned
to the teacher LLM with the detected inconsistencies as repair feedback, or regenerated when the
defects cannot be localized. When no trace passes verification, the action has no reasoning trace,
so only verified reasoning is used for supervised fine-tuning. Given a search-state input z and
its verified reasoning-and-action sequence y, we optimize the standard autoregressive objective:

Lser(0) = — S log po(y: | 2, y<0).

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Baselines. We compare our method against two groups of baselines. First, we include conven-
tional multi-step search algorithms, MCTS (Segler et al. 2018]), Retro*-0, Retro* (Chen et al.,
2020), and MORetro* (Hastedt et al., [2026)), evaluated under the same single-step retrosynthesis
model and search budget Np. All main results use Np = 50, while the ablation study raises this
to Np = 300 so that each variant is compared under a budget large enough not to be the limiting
factor. For a controlled comparison, we replace the confidence score that drives node selection in
these algorithms with an equal-weight scalarization of reaction plausibility, round-trip consistency,
and starting-material price. For MORetro*, we retain its original Bayesian-optimization (BO) sam-
pling procedure over objective weights. Second, we include trained LLM-based planners such as
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Retro-R1 (Liu et al., [2026)) and RetroAgent (Zhu et al., 2026). RETROPLANNER is initialized from
GPT-0SS-20B (OpenAlL|2025) and supervised fine-tuned on our training corpus to learn multi-route
expansion and multi-objective reasoning.

Evaluation Setup. We evaluate on the in-distribution USPTO-190 (Chen et al.,|2020) and the out-
of-distribution ChEMBL-1000 (Liu et al.,|2023). Search baselines are run once per budget cell under
the common expansion budget. LLM-based planners instead run multiple rollouts that consume a
cumulative expansion budget until exhausted. Following reported settings (Liu et al., |2026} |[Zhu
et al., 2026), Retro-R1 searches within a single continuous rollout over multiple rounds, whereas
RetroAgent restarts failed rollouts until a route is found. RETROPLANNER ends each rollout at its
first complete route and restarts, spending the remaining budget on alternative routes. Unlike the
baselines, it does not shuffle the environment and instead samples its reasoning and decisions at
temperature 0.6, so that variation across rollouts comes from the agent itself. Since these settings
differ across baselines, we further train each expansion strategy on the same backbone and search
mechanism, as detailed in Section .1}

Metrics. We group metrics into Search Outcome and Route Quality. Success Rate (Succ.) is the

percentage of targets for which a route reaching purchasable building blocks from eMolecule is
found within the expansion budget, and Routes is the number of routes returned per solved target.
For route quality, we report the composite-best route recovered by each method for each target, se-
lected jointly over reaction Plausibility (Plaus.), Round-Trip (RT) consistency, and starting-material
Price. Better-Than-Ref (BTR) is the fraction of targets for which the selected route attains a higher
composite score than the best published reference route over the same three objectives, with un-
solved targets counted as failures. Additionally, /stCuts counts the distinct first-cut precursor sets
recovered per target and /stCutDiff is the fraction of route pairs with different first-cut precursor
sets, both measuring how broadly a planner explores alternative branches at the initial retrosynthetic
decision. Further evaluation details are provided in Section[A.4]

3.2 MAIN RESULTS

Q1. Does the planner efficiently recover diverse, high-quality routes under a constrained
search budget?

We evaluate all methods under an expansion budget of Np = 50, focusing on how effectively each
planner allocates a limited search budget toward solvable and high-quality routes under the three
evaluation objectives.

Search Outcome. As shown in Table [I, LLM-based planners generally achieve higher success
rates than conventional search algorithms under the limited search budget, indicating that learned
planning policies allocate search effectively toward solvable routes. On USPTO-190, MORetro*
optimizes weighted combinations of the three route-quality objectives, whereas its expansions are
governed by sampled objective weights rather than route-level context-aware decision-making, with
a success rate 24.22 percentage points lower than that of RETROPLANNER. Among the LLM-based
planners, RetroAgent attains the highest success rate on both USPTO-190 and ChEMBL-1000, as
its policy is primarily optimized toward reaching a solved route. However, it does not explicitly
account for synthetic route quality during expansion, whereas RETROPLANNER incorporates these
considerations into its reasoning, resulting in success rates 4.73 and 5.90 percentage points lower,
respectively, but substantially more alternative routes with more favorable trade-offs across route-
quality objectives.

Route Quality. On USPTO-190, RETROPLANNER achieves the highest Better-Than-Ref, more
often recovering solved routes that exceed the reference under the three evaluation objectives, while
maintaining strong performance across all three route-quality metrics. Compared with MORetro*,
which explicitly searches over the same three objectives, RETROPLANNER achieves a higher success
rate while improving reaction plausibility, round-trip consistency, and starting-material price on both
benchmarks. On the other hand, RetroAgent achieves comparable reaction plausibility and starting-
material price, but substantially lower round-trip consistency on both benchmarks, whereas RETRO-
PLANNER maintains strong performance across all three synthesizability objectives. RETROPLAN-
NER achieves a more balanced performance across the three objectives and more frequently recovers
routes that score above the reference route under the composite metric on USPTO-190, while show-
ing consistent performance across these objectives on ChEMBL-1000, where reference routes are
unavailable.

'https://downloads.emolecules.com/


https://downloads.emolecules.com/

Preprint.

Table 1: Main results on multi-step retrosynthesis planning on USPTO-190 and ChEMBL-1000 with
search budget Np = 50. Search Outcome measures whether and how many routes are found, Route
Quality evaluates the found routes on reaction plausibility, round-trip consistency, and starting-
material price. Better-Than-Ref is N/A on ChEMBL-1000, which provides no reference routes.
Best and second-best results per dataset are shown in bold and underlined.

Method Search Outcome Route Quality
Success Rate T Routes T Better-Than-Ref 1 Plausibility T Round-Trip { Price |
USPTO-190
Search Algorithms
MCTS 44.74% 16.88 27.89% 43.33% 25.88% 391.19
Retro*-0 52.63% 29.55 34.21% 49.16% 38.99% 328.02
Retro* 57.89% 33.34 38.95% 54.93% 41.64% 281.53
MORetro* 67.89% 43.16 52.11% 66.16% 58.94% 250.63
LLM-based Search
Retro-R1 82.11% 2.99 38.42% 71.64% 39.34% 197.29
RetroAgent 96.84% 3.07 46.84% 85.85% 38.16% 138.83
RETROPLANNER 92.11% 741 66.84% 86.03% 61.11% 167.80
ChEMBL-1000
Search Algorithms
MCTS 59.30% 28.31 N/A 56.05% 49.47% 331.59
Retro*-0 72.70% 88.83 N/A 69.22% 64.40% 249.71
Retro* 74.90% 89.21 N/A 71.45% 66.11% 239.78
MORetro* 77.80% 26.60 N/A 75.65% 72.37% 221.22
LLM-based Search
Retro-R1 82.90% 2.74 N/A 74.74% 53.97% 253.53
RetroAgent 95.90 % 5.28 N/A 87.86% 58.35% 207.43
RETROPLANNER 90.00% 10.59 N/A 87.33% 74.22% 190.89

Table 2: Effect of the expansion strategy on route diversity and quality. All variants share the same
backbone, GPT-OSS-20B, and differ only in the expansion strategy. fComputed only on targets
with at least two recovered routes; since Random and Score-only recover few routes, 1.00 reflects
complete first-cut disagreement among the available pairs rather than route coverage.

Method Search Outcome Diversity Quality
Succ. 1 Routes T 1stCutDiff T 1stCuts T BTR 1
Random 0.879 1.55 1.000° 1.55 0.280
Score-only 0.937 1.59 1.000° 1.59 0.672
Single-Route 0.984 6.05 0.450 2.23 0.780
Multi-Route (Seq.) 0.995 9.10 0.660 3.88 0.812
Multi-Route (Par.)  1.000 7.75 0.654 3.54 0.823

4 ABLATION AND ANALYSIS

We analyze which components of RETROPLANNER contribute to its search behavior and route qual-
ity. In this section, a rollout continues searching after its first complete route, and rollouts are re-
peated per target until every variant reaches the same number of single-step calls. We separate the
expansion strategy into three axes: whether frontier nodes are selected at random or greedily by
score alone, whether a single or multiple frontier nodes are expanded per turn, and whether the ex-
pansions are performed sequentially or in parallel. For the reasoning schema, we examine which
forms of chemical evidence grounding are useful for planning and how much reasoning over the
three synthesis objectives contributes to route diversity and quality. Since every candidate the plan-
ner selects from is proposed by the single-step model, we also replace this model to verify that the
planner’s gains hold across its variants.

4.1 EXPANSION STRATEGY

Q2. How does the expansion strategy shape route-set coverage and search efficiency under
extended search?

Expansion Strategy Variants. For a controlled comparison of expansion strategies on USPTO-
190, all methods use the same extended search budget Ny = 300. Table 2| compares Multi-Route
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Table 3: Ablation on the reasoning schema on USPTO-190, with all variants run under the same
search budget of at most Np = 300. Schema blocks: M = MOLECULE, D = DISCONNECTIONS,
and C = DECIDING. The Rel. columns indicate the diverging from (div) and ordered by
(ord) subfields of DECIDING. Par. denotes the parent variant from which each delta is computed.
Best results are in bold.

. Schema Rel. Search Outcome Diversity Quality

Variant Par.
M D C div ord Sucec. 1 Routes T 1stCutDiff T 1stCuts T BTR 1

Lo - - - - - = 0989 4.78 0.628 2.79 0.720
Ly v — — — — Lo 0.989(40.000) 5.4940.71) 0.691(+0.063) 3.15(40.36) 0.769 (+0.049)
Lo v v — — = L1 0995+0.006) 5.53(+0.04) 0.722(+0.031) 3.16(40.01) 0.742(-0.027)
Ls.giv v v v v - Ly 0.989(-0.006) 5.78(40.25) 0.726(+0.004) 3.34(4+0.18) 0.720(—0.022)
L3 ord v v v - Vv Lz 0979(-0.016) 5.08(—0.45) 0.756(+0.034) 3.20(40.04) 0.737(—0.005)
L3 v v v vV Vv Ly 0984(-0.011) 5.59(40.06) 0.745(+0.023) 3.35(+0.19) 0.726(—0.016)

(Parallel), which selects multiple frontier molecules and expands them together within a single turn,
against variants that each change one component. Random and Score-only replace the learned policy
with fixed rules: Random selects frontier molecules and reaction candidates uniformly at random,
and Score-only ranks candidates by an equal-weight scalarization of normalized reaction plausibility,
round-trip consistency, and starting-material price. The other two are separately trained policies
that differ from Multi-Route (Parallel) only in how frontier molecules are expanded: Single-Route
expands a single frontier molecule per turn, and Multi-Route (Sequential) selects multiple frontier
molecules but expands them one per turn instead of together.

Effect of Expansion Strategy. Random and Score-only return fewer than two routes per target.
Scalarizing the three objectives raises BTR from 0.280 to 0.672, but scoring each candidate inde-
pendently does not accumulate alternative routes across the search. Among the learned policies,
selecting multiple frontier molecules broadens the search, as Multi-Route (Sequential) raises the
number of distinct first cuts from 2.23 to 3.88 over Single-Route. Multi-Route (Parallel) recov-
ers fewer routes than Multi-Route (Sequential) but keeps a comparable /stCutDiff, indicating fewer
redundant routes under each first cut, and achieves the highest success rate and Better-Than-Ref.
Comparing candidates across frontier molecules within a single turn therefore allocates the search
budget toward alternatives that differ from those the graph already holds, rather than toward repeats
of the same first cut.

Parallel ex@ansion is also cheaper. As shown

in Figure 4] search time grows linearly with

14 the number of molecules opened. The two

1, — Sequential multi-route variants open a comparable num-

i, — Parallel . ber of molecules per rollout, 30.4 and 29.6,
-

yet Multi-Route (Sequential) spends 13.0s per
molecule against 10.6 s for Multi-Route (Paral-
lel), about 23% more, or 6.5 against 5.1 minutes
per rollout. The gap comes from how much is
generated per expansion: per molecule, paral-
lel expansion takes 1.71 turns against 2.30 and
80.2 output tokens against 106.9, so the reason-
ing over the search graph is shared across the
opened molecules rather than repeated for each
expansion. This brings its cost per molecule
Figure 4: Overall search time versus molecules close to Single-Route at 78.5 tokens, while
opened per rollout. Although the two multi-route opening twice as many molecules per rollout,
arms open a comparable number of molecules 29.6 against 14.8. Overall, Multi-Route (Par-
per episode, Sequential spends more time per allel) obtains its quality gains while searching
molecule than Parallel. faster than sequential multi-route search.

Overall Search Time (min)

0 10 20 30 40 50
Molecules opened

4.2 REASONING SCHEMA

Q3. Which components of the reasoning schema contribute to route diversity and quality?

We construct a controlled hierarchy from the same training trajectories and target actions. All vari-
ants share the same action format and differ only in the reasoning trace that precedes each action.
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Table 4: Effect of the single-step model on USPTO-  Table 5: BTR and RT on USPTO-190
190 with Np = 50. Each planner is paired with the = with RXNGraphormer as the round-trip
template-based LocalRetro in place of the template-free ~ forward model in place of the Reac-
R-SMILES used in Table [l Best and second-best are  tionT5v2 used in Table Il Parentheses

bold and underlined. give the percentage-point change.
Method Search Outcome Route Quality Method BTR 1 RT t

Succ. T Routes ™ BTR1 Plaus.T RT1  Price| RXNG A RXNG A
MORetro* 5579% 2099  43.16% 53.41% 44.96% 32636  MORetro* 50.53% —1.58 4717% —11.77
RetroAgent 88.95% 408 3842% 74.29% 3296% 19536  RetroAgent 4632% —0.52 3803% —0.13

RETROPLANNER  83.16% 506 53.16% 79.45% 50.38%  207.95 RETROPLANNER  64.21% —2.63 58.59% —2.52

Effect of Reasoning Schema. As shown in Table [3} compared with the model trained without
explicit reasoning (L), the full schema (L3) improves all diversity metrics and slightly improves
BTR, while maintaining a comparable success rate. Adding molecule-level structural reasoning
(MOLECULE, L) gives the largest single gain, raising BTR from 0.720 to 0.769. Disconnection-level
evidence such as bond changes and reaction classes (DISCONNECTIONS, L9) and the retained-
candidate record (DECIDING, L3) mainly improve diversity. diverging from (Ls.gy) yields
the largest number of recovered routes, whereas ordered by (Ls.oq) achieves the highest 1stCut-
Diff. Enabling both (L3) maintains high route coverage while yielding the most distinct first cuts
and partially recovering the BTR lost by diverging from alone.

Molecule-level evidence, which states how far a candidate simplifies the target, improves both the
breadth and quality of the retained routes, while disconnection-level evidence, which identifies what
a candidate changes, mainly reduces routes that share the same first cut. With both subfields, the
planner retains diverse alternatives that remain grounded in both the search history and the synthesis
objectives. Overall, the reasoning fields shape different aspects of search behavior, and the full
schema combines increased route diversity with a high BTR.

4.3  SINGLE-STEP AND ROUND-TRIP MODEL VARIATIONS

To assess generalization across reaction models, we vary both the single-step candidate generator
and the forward model used for round-trip evaluation on USPTO-190 with Np = 50, under the same
setting compared in Table As shown in Table[d] replacing the template-free R-SMILES used dur-
ing planner training with the template-based LocalRetro (Chen & Jung| 2021), RETROPLANNER
retains the highest Better-Than-Ref at 53.16% against 43.16% for the strongest baseline, showing
that the learned planning policy transfers to an unseen single-step model without additional train-
ing. Similarly, Table [5] shows that replacing ReactionT5v2 (Sagawa & Kojima, 2025) with RXN-
Graphormer (Xu et al.[ [2025)) for round-trip evaluation preserves RETROPLANNER’s advantage in
both Better-Than-Ref and Round-Trip, which change by only 2.63 and 2.52 points, including over
MORetro*, which directly optimizes the same route-quality objectives during search.

5 LIMITATIONS AND CONCLUSION

We introduced RETROPLANNER, an LLM-based retrosynthesis planner that formulates frontier ex-
pansion as a joint decision over multiple molecules rather than committing to a single molecule at
each step. By combining multi-route expansion with chemical evidence-grounded multi-objective
reasoning, the planner compares competing routes using reaction plausibility, round-trip consistency,
and starting-material price, while specifying how candidate routes differ from previously explored
alternatives. Across both in-distribution and out-of-distribution benchmarks, RETROPLANNER re-
covers a broader set of synthesis routes while maintaining a high success rate and improving the
quality of the retained alternatives. Ablations further show that both the multi-route expansion strat-
egy and the reasoning schema contribute to this behavior, and that the learned planning policy is
robust to the choice of single-step and round-trip consistency models. Our evaluation operational-
izes synthesizability through three measurable proxies rather than capturing experimental feasibil-
ity in full. Future work could optimize these route-level objectives directly through reinforcement
learning, with credit assignment across multi-step and multi-route decisions, and extend them to
laboratory factors such as reaction conditions, yield, and safety.
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Al USE STATEMENT

In this work, we used generative Al tools for writing assistance, literature retrieval and discovery,
research ideation and implementation support, and the generation of synthetic training data. For
writing, we used LLMs to refine phrasing and improve the clarity of our drafts, and we reviewed
and edited all resulting text. For retrieval and discovery, we used LLM-based search to locate candi-
date related work, and we read and verified every cited paper. For research ideation and execution,
we used LLMs to discuss design alternatives for the planning agent and to assist in writing exper-
iment and analysis code, which we reviewed and tested before use. For synthetic data generation,
LLMs were used to construct the supervised fine-tuning corpus of reasoning trajectories, as de-
scribed in Section every trajectory was verified against the recorded search graph, and only
traces passing this verification were used for training. We have reviewed all Al-assisted work and
take responsibility for the final content of this work, including text and artifacts produced with the
aid of generative Al

ETHICS STATEMENT

This work does not involve human subjects, personally identifiable information, or the release of
new experimental data. All experiments use publicly available reaction datasets and benchmarks,
and all models and building-block catalogs are used in accordance with their licenses. Retrosynthesis
planning is a domain where a method that proposes practical routes could in principle be applied to
harmful target molecules. Our method does not introduce a new reaction generator or expand the
underlying candidate space; instead, it changes how routes proposed by existing single-step models
are compared and reordered during search. The proposed routes are computational suggestions
evaluated using model-based signals and require expert review and experimental validation before
any laboratory use.

REPRODUCIBILITY STATEMENT

We provide the search formulation, reasoning schema, and training procedure of RETROPLANNER
in Section 2] and the evaluation protocol and ablation settings in Section[3] The appendix describes
the training data construction, input prompt and output format, hyperparameters, and evaluation
details in Sections and All datasets, the single-step model, the base model, and
the scoring tools we use are publicly available. Additional details and code are provided in the
supplementary material.
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A APPENDIX

A.1 RELATED WORK

Computer-aided Synthesis Planning. Modern computer-aided synthesis planning typically com-
bines a single-step retrosynthesis model with a multi-step search algorithm (Hong et al., 2023
Chen et al, 2020; [Liu et al., 2023 [Xie et al., [2022). Single-step models generate candidate pre-
cursor sets for a given product molecule and are commonly trained on USPTO-derived datasets
such as USPTO-50K and USPTO-FULL (Lowel |2017). Existing approaches can be broadly cate-
gorized into template-based methods, which are interpretable but bounded by the template library,
template-free methods, which generalize to unseen transformations at the cost of validity and in-
terpretability, and graph-edit-based methods, which balance the two but depend on accurate atom
mapping. Given candidate reactions from a single-step model, multi-step planners determine which
molecules and reactions should be expanded. Neural-guided planners commonly adopt Monte Carlo
Tree Search (Hong et al., 2023), while methods such as Retro* (Chen et al., 2020) formulate ret-
rosynthesis as an A*-like best-first search using learned or estimated node costs. Other methods,
including RetroGraph (Xie et al., [2022) and PDVN (Liu et al., 2023), further improve search ef-
ficiency through alternative graph representations or by jointly learning the single-step policy and
value estimates. Despite these differences, the central objective of conventional planners remains
finding at least one route to purchasable building blocks.

Multi-Objective Retrosynthetic Search. Retrosynthetic planning can involve multiple criteria,
including reaction plausibility, route length, precursor cost, and other measures of synthetic feasi-
bility, which a single solvable route does not necessarily satisfy. Multi-objective search methods ad-
dress this issue by optimizing several route-level objectives and recovering multiple non-dominated
routes rather than a single minimum-cost route (Wang & Sebag| [2012; |Ganganath et al., |2016;
Hastedt et al., 2026). Approaches such as MO-MCTS (Wang & Sebagl |2012)) extend conventional
retrosynthetic planning toward Pareto-front exploration, building on multi-objective extensions of
classical search algorithms such as NAMOA* (Ganganath et al.l [2016), while MORetro* (Hastedt
et al., 2026) combines weighted-sum search with adaptive sampling over the weight vector. How-
ever, the objective space is specified in advance, and diversity is obtained by covering it through
weight sampling or Pareto-search procedures rather than by reasoning about which parts of the
search space remain unexplored. Moreover, these objectives are typically assumed to decompose
additively over reactions, which constrains the notion of route quality that can be optimized during
search. In contrast, we let the planner reason over the current search state to decide which trade-offs
to pursue, rather than enumerating them through repeated searches under sampled weights.

LLM Agents for Retrosynthetic Planning. Recent work has explored large language models as
planners for retrosynthesis. Earlier systems use LLMs to directly generate synthesis pathways or to
guide the construction of retrosynthetic search structures. More recent approaches, such as Retro-
R1 (Liu et al., 2026), RetrOrchestrator (Chang et al., 2026), and RetroAgent (Zhu et al., |2026),
formulate retrosynthesis as an agentic workflow in which the LLM interacts with single-step mod-
els or chemistry tools and iteratively selects the next molecule or reaction to explore. These works
demonstrate that LLMs can orchestrate tool-based retrosynthetic search through sequential decision-
making. However, expansion in these systems is confined to a single frontier molecule per turn: the
agent inspects the search state, selects one molecule, and applies one or more candidate reactions
to it before repeating the process. Although the search state itself exposes multiple explored and
unexplored branches, existing methods do not explicitly learn to use this global context to coordi-
nate complementary exploration across multiple frontier states. Our work focuses on this gap by
treating the search frontier as a joint decision context and learning to expand multiple routes while
simultaneously considering their chemical feasibility.

A.2 SINGLE-STEP MODELS AND CHEMISTRY TOOLS

R-SMILES. R-SMILES (Zhong et al.,[2022) is a template-free single-step model that translates
a product SMILES into reactant-set SMILES using a transformer architecture. Given a target
molecule, R-SMILES serializes the product by a depth-first traversal from a chosen root atom, tok-
enizes the string, and emits a reactant-set string. Since the reactant is serialized from the same root
atom, the input and output sequences stay closely aligned, and the decoder edits the string locally in-
stead of regenerating the molecule. Beam search yields K candidate reactant sets per product, each
with its sequence likelihood. We use R-SMILES as a single-step model available to the planner.

LocalRetro. LocalRetro (Chen & Jung| [2021)) is a template-based single-step model built on the
observation that the atom and bond changes of a reaction are mostly local. LocalRetro extracts local
templates that record only the edits at the reaction center, then scores every template at every atom
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and bond of the product graph. Applying the highest-scoring templates at predicted centers yields
precursor sets ranked by scores. We take the top K as the candidate set for the planner.

Reaction Plausibility Filter. AiZynthfinder (Genheden et al., [2020) is open-source software for
retrosynthetic planning that couples a Monte Carlo tree search with a template-based expansion
policy. The expansion policy takes a product fingerprint and outputs a probability over a library of
reaction templates. Each template is a SMARTS rule extracted by atom mapping from reactions
reported in the USPTO corpus (Lowel |2017), on which the policy is also trained. We repurpose the
expansion policy of AiZynthfinder as a reaction plausibility filter.

ReactionT5v2. ReactionT5v2 (Sagawa & Kojima, [2025)) is a forward reaction prediction model
that treats reaction prediction as a sequence-to-sequence translation task. Given a set of reactants as
a SMILES string, the model predicts the SMILES of the resulting product. ReactionT5v2 is trained
on the Open Reaction Database using a TS encoder-decoder. We use ReactionT5v2 to compute
round-trip consistency (Schwaller et al.l 2020).

RXNGraphormer. RXNGraphormer (Xu et al. |2025) couples a graph neural network with a
Transformer and is pre-trained on 13 million reactions, then fine-tuned for forward- and retro-
synthesis planning as a sequence generation task. We use its forward-synthesis checkpoint as an
alternative forward model for round-trip consistency, since its graph-based architecture differs from
the sequence-to-sequence models typically used for this axis.

MolPrice. MolPrice (Hastedt et al., 2025) is a molecular price prediction model used as a proxy
for synthetic accessibility. Given a molecular structure, it predicts the price in USD per mmol,
trained on 5.5M purchasable compounds extracted from the Molport catalogue. Since the catalogue
contains only easily purchasable molecules, a contrastive objective self-generates price labels for
hard-to-synthesize structures so that the model assigns them higher prices. We use the predicted
price to quantify the price of the building blocks a route terminates in.

A.3 IMPLEMENTATION DETAILS

Training Data Construction. We draw 3,208 targets from the PaRoutes (Genheden & Bjerrum,
2022)) training split, with gold-route depths ranging from 2 to 14 steps (median 5, mean 4.89).
Terminal molecules are matched against the PaRoutes training stock by InChIKey skeleton. To
avoid overlap with evaluation, we filter molecules appearing in the USPTO-190 (Chen et al., 2020)
reference routes and intermediates appearing in the R-SMILES (Zhong et al., 2022) training data.
A final target-level check finds two targets overlapping with USPTO-190 and none with ChEMBL-
1000 (Liu et al., |2023), and removing them leaves 3,206 targets. Each target is searched once
with Retro*-0 under a budget of 300 single-step calls. We Pareto-rank the searched routes over the
three synthesis objectives and retain the first two fronts. The first front alone often concentrates
on routes with similar inexpensive starting-material sets, while including the second front broadens
route diversity without substantially relaxing route quality. From these, up to eight routes with
distinct starting-material sets are retained per target. For Pareto ranking, round-trip consistency uses
top-1 recovery, a stricter criterion than the top-5 recovery used in evaluation.

Chemical Evidence. Bond changes are obtained from RXNMapper (Schwaller et al., 2021)) atom
mappings and represented with CGRtools (Nugmanov et al.,|2019) as formed, broken, or changed
bonds at the reaction center, while RDKit (Landrum)|2016J) is used to describe the affected atoms and
functional groups. Reaction classes and names are assigned with Rxn-INSIGHT (Dobbelaere et al.,
2024), while template matching separately determines whether the corresponding transformation is
applicable to the product and whether it reproduces the proposed precursors. Molecular descriptors
summarize scaffold, ring, size, and stereochemical structure for each molecule and their changes
from product to precursors. When mapping fails, the result is reported as not measured, never as no
bond changed, since conflating the two teaches the model to deny perfectly ordinary transformations.

Hyperparameters. Training is performed on 4 NVIDIA B200 GPUs with FSDP and bf16 pre-
cision, while all inference experiments are conducted on 8 NVIDIA H100 GPUs. Full training
hyperparameters are reported in Table [6]

Training Objective. We use token-level cross-entropy on packed multi-turn trajectories, supervis-
ing the assistant reasoning and action outputs while masking all input and tool-observation tokens.
The loss is normalized over supervised tokens across data-parallel ranks.
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Table 6: Training and decoding hyperparameters for RETROPLANNER.

Hyperparameter Value

Training

Base model GPT-OSS-20B

Train / val trajectories 3,142/ 64

Epochs 2

Steps 429

Batch size 4 (packed, ~393K tokens)
Max sequence length 98,304

Optimizer AdamW (5:1=0.9, £2=0.95)
Learning rate le-5

LR scheduler Cosine, min LR 1le-6
Warm-up steps 20

Weight decay 0.1

Gradient clipping 1.0

Inference

Temperature 0.6

Top-p 1.0

Max new tokens per turn 3,000

Context length 131,072

Hardware

Training 4xB200

Inference 8xH100

A.4 EVALUATION DETAILS

Environments. When reaction candidates need to be compared, the planner observes a textual ren-
dering of the input search graph. Each candidate is annotated with four numerical signals, followed
by its precursor SMILES. ¢ is the confidence of the single-step model. p is reaction plausibility,
given by the AiZynthFinder (Genheden et al., 2020) filter trained on USPTO, and a reaction is
counted as plausible when p > 0.05. 7t is round-trip consistency, reported as the rank at which
the ReactionT5v2 (Sagawa & Kojimal 2025) forward model recovers the opened molecule from the
proposed precursors. cprec(r) is the aggregate precursor price displayed for reaction candidate r,
denoted by $, computed from the MolPrice (Hastedt et al., 2025)) predictions ¢(m) of its precur-
sor molecules by log-sum-exp and normalized to [0, 1], where lower is cheaper. Each precursor’s
individual price c¢(m) is shown next to its SMILES, and « indicates that the precursor is in stock.

Evaluation Metrics. All metrics are computed over the full benchmark 7. Let Ry be the set of
routes returned for target 7' € T within the budget Vg whose leaves all lie in the eMolecules stock.
We denote solved targets set S = {1 : Ry # (D%, and evaluate Success Rate following:

Success Rate = |S|/|T], 9)

We denote r € p for the reactions of a route p, and leaf (p) for terminal molecules of route p. We use
the predictors in Section the single-step reaction plausibility filter p(r), the round-trip r¢(r) at
which the forward model recovers the product of -, and molecule price predictor c(m) that predicts
molecule price. For a reaction candidate r, we denote by cprec(r) the aggregate predicted price of
its precursor molecules. We first define the route-level quantities as

1 1
uplp) = 1y DU 2 005, wre(p) = r S Artr) <5 delp) = D2 elm)
P rEP P rep meleaf(p)
(10)
Targets for which no route is found are not excluded but scored as 0 on plausibility and round-trip,
and as a price cap Pyax = $1000.

Route quality is evaluated on a single representative route p7. per solved target. While u,, and u, are
already bounded in [0, 1], starting-material prices are heavy-tailed and span a much wider numerical
range, so we cap the route price at P, and normalize it on a logarithmic scale to place the cost
objective on a comparable scale:

_ log(1 +ag*(p))

P (p) = min(ic(p), P), ielp) = S 5 (n
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Here, 4.(p) € [0,1], where lower values correspond to cheaper routes. We reverse its direction as
ue(p) = 1 — @.(p) so that all three objectives follow the same higher-is-better convention. The
representative route is then selected by equal-weight averaging:

o(p) = up(p) + urtg(p) +uc(p)7 ph = arg max s(p). (12)

T

Plausibility and Round-Trip average the representative route’s rates over the benchmark, while price
is aggregated geometrically under the same cap:

1 1
Plausibility = 7 Z up(p7), Round-Trip = 7 Z urt (P5),
TeS TeS

/ITI

~  Jmin(a.(p%), Pnax), T €S, Lo NV TI—|S
Ue, 7 = {Pma(}“ T ) T¢s Price = Tl;[Smm(uC(pT),Pmax) . PIT1-15]

13)
Better-Than-Ref: The other metrics compare planners with one another. This one compares them

with chemistry that has already been carried out: the benchmark ships with a published route for
each target, and we ask how many targets the planner recovers a route that scores better than the

published one. We denote pﬁ?f for the published route of T,
{T €8 : s(py) > s(pr")}
T '

An unsolved target, or one whose representative route ties with the reference, counts as a loss.

Better-Than-Ref = (14)

1stCutDiff measures diversity at the initial retrosynthetic decision. For each recovered route p of
target T, we identify the reaction whose product is T" and define Prec; (p) as the set of canonicalized
precursor molecules produced by this first disconnection. Given the set of distinct recovered routes
‘R, the target-level score is

1
IstCutDiff(T) = 6] . ,J,Z}cn T[Precy (pi) # Preci(p;)] . (15)

Thus, two routes are considered different at the first cut only when they decompose the target into
different precursor sets, regardless of how their downstream synthesis steps differ. We compute
1stCutDiff only for targets with |Rr| > 2 and report the macro-average over these targets. We
additionally report IstCuts, the number of distinct first-cut precursor sets found for each target,
IstCuts(T) = |{Preci(p) : p € Rr}|. While IstCutDiff captures pairwise diversity, IstCuts
measures the absolute breadth of initial synthesis branches reached by the planner.

A.5 ADDITIONAL RESULTS

Baseline Comparison. Following the evaluation protocol of RetroAgent (Zhu et al 2026), we
compare RETROPLANNER with conventional search algorithms and recent LLM-based planners on
USPTO-190 and ChEMBL-1000, as reported in TableFor all methods, we use R-SMILES (Zhong
et al.| 2022) as the single-step retrosynthesis model and measure the search budget Nz by the num-
ber of unique single-step model calls. Success Rate is defined as the percentage of targets for which
at least one complete route is recovered within the given budget. As the budget increases, the success
rate of RETROPLANNER rises to 98.95% and 96.50% at Ng = 500 on USPTO-190 and ChEMBL-
1000, respectively. RetroAgent attains the highest success rates overall, but RETROPLANNER re-
mains close while recovering more routes of higher quality.

Effect of Reasoning on Decisions. To examine whether the reasoning trace informs the action
rather than merely preceding it, we measure the attention that action tokens place on the route rows
of the input search graph while varying the content of the reasoning field, as shown on the left of
Figure[5] Training alone does not change this attention, and filling the field with meaningless text or
with the analysis of another instance raises it only slightly. Attention to route rows is highest only
when the field holds the instance’s own analysis, indicating that the action draws on the content of its
reasoning rather than on its mere presence. The diverging from field shows the same ground-
ing at a finer level: as shown on the right of Figure [ its tokens attend most strongly to the route
they reference rather than to the current branch, tying the stated route relation to the corresponding
part of the search graph.
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Table 7: Success rate (%) under increasing search budgets on USPTO-190 and ChREMBL-1000, with
R-SMILES as the single-step model for all methods. The search budget N is the number of unique
single-step model calls. Best and second-best results are in bold and underlined, respectively.

Success Rate (%) at Search Budget Np

Method
Ng =50 Np =100 Np =200 Np =300 N =400 N =500
USPTO-190
Search Algorithms
MCTS 44.74 52.11 58.95 67.89 71.58 72.11
Retro*-0 52.63 59.47 63.68 70.00 72.11 74.74
Retro* 57.89 64.21 71.58 79.47 80.53 84.74
MORetro* 67.89 81.58 88.95 91.58 94.74 96.32
LLM-based Search
Retro-R1 82.11 93.68 96.84 98.95 98.95 98.95
RetroAgent 96.84 100.00 100.00 100.00 100.00 100.00
RetroPlanner 92.11 97.37 98.95 98.95 98.95 98.95
ChEMBL-1000
Search Algorithms
MCTS 59.30 64.30 70.60 78.10 82.20 82.40
Retro*-0 72.70 78.00 80.00 81.50 82.20 82.50
Retro* 74.90 79.40 80.50 81.70 83.00 83.40
MORetro* 77.80 84.30 89.40 91.30 92.40 93.00
LLM-based Search
Retro-R1 82.90 89.10 91.70 92.20 92.30 92.40
RetroAgent 95.90 98.10 99.60 99.70 99.90 99.90
RetroPlanner 90.00 92.40 94.80 95.90 96.30 96.50
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Figure 5: Left: Attention from action tokens to the route rows of the input search graph, under
different contents of the reasoning field. Attention is highest when the field holds the instance’s own
analysis, compared with no reasoning before or after training, meaningless text, or the analysis of
another instance. Right: Attention from diverging from tokens to the rows of the search graph
in two examples. Attention concentrates on the referenced route (orange) rather than the current
branch (green).

Qualitative analysis of recovered routes. Figure [6] shows the routes RETROPLANNER recovers
for a single target, placed in the space of the three route-level objectives, together with one Pareto-
optimal route (A) and one dominated route (B) drawn in full. A and B are both five steps long, yet
A is plausible and round-trips on every step at $104, while B does so on 60% and 40% of its steps at
$233. The two share the first disconnection and separate only later, and the objective that separates
the leading candidates changes from step to step: plausibility where the routes first diverge, price at
the step that closes A, and round-trip consistency at the step that commits A to its deeper subtree.
B fails at two such steps—a disconnection scoring p = 0.01 and a plausible step ending on a $170
building block—neither of which is visible from route length or from reaching purchasable building
blocks.
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Figure 6: From step-level decisions to route-level objectives for a single target. Left: Routes re-
covered by RETROPLANNER on three route-level objectives: the fraction of steps with plausibility
p > 0.05, the fraction of steps with round-trip consistency 7t < 5, and the total starting-material
price ¢, where lower is better. Pareto-optimal routes are shown in red and dominated routes in gray.
Right: A Pareto-optimal route (A) and a dominated route (B) for the same target. Each reaction is
annotated with its p, ¢, and building-block price, and A marks the objective that separated the lead-
ing candidates at that step. In route A, choices justified by different objectives at each step combine
into a route that is not dominated on any objective.

A.6 PROMPTS

System

You are ChatGPT, a large language model trained by OpenAl. Knowledge cutoff: 2024-06.
Current date: 2024-06-01. Reasoning: medium. Valid channels: analysis, commentary,
final; a channel must be included for every message, and calls to functions must go to
the commentary channel.

Developer

# Instructions
Solve the retrosynthesis search by operating on the board.

# Board semantics

A molecule is an OR: any one reaction under it closes it. A reaction is an AND: every piece
under it has to reach purchasable material, or the reaction dies and takes its branch with it.
A purchasable piece is closed on arrival. Molecules are shared, so two routes can differ at
one reaction and agree everywhere else.

OPEN lists every molecule still awaiting a decision. open requests the candidate discon-
nections for a molecule that has no menu. rank names the candidates worth taking at a
molecule and applies the first take of them now (default 1); the rest are the other routes
this molecule can give, each one checked to reach purchasable material and carried by num-
ber. done claims a route: a candidate number for every molecule the route leaves to make,
as one object. Handing over is the last message, not a call — it ends the episode and names
the routes you claimed, best first.

Every call carries ONE argument, act ions, and it is always a list:

{"actions": [{"type": "open", "mid": "u6"}]}

{"actions": [{"type": "rank", "mid": "u6", "order": [0, 2],
"take": 1}1}

{"actions": [{"type": "done", "choices": {"u6": 0, "n4d": 2}}1}

take above 1 expands several subtrees under one molecule in the same call, so more than
one of its cuts is live at once. Actions apply in the order you write them, at most one per
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molecule per call, and a bare action object is not a call. The only actions are open, rank
and done: a branch that cannot close is left alone and the board stops offering it. Nothing
moves without a call, and the board never repeats a menu you have already been shown.

# Board notation

<mol e3>SMILES</mol>isamolecule atfirst appearance and <mol e3/> afterwards,
the id two characters assigned once. cO..c9 are candidate numbers, fixed when the
molecule is opened and in the model’s own order, so a score is not monotone in the index;
outside its own block a candidate is e3.c1. depth D is how far below the target the piece
sits. rN e3.cl a of b closedis the ledger: which candidate was spent, how much
of the AND is closed, and the ordering you declared. CLOSED is every purchasable leaf
banked so far with its price; ROUTES lists completed routes together with their route-level
scores and terminal leaves.

# The signals

g is the single-step model’s own confidence in this disconnection; it cannot see what is
behind a precursor. p is the reaction filter’s plausibility with a cut-off of 0.05 — above it,
only this one step is said to go, nothing about where the precursors can go. rt is the rank at
which the forward model returns the product from these precursors; 1 reads cleanly forwards
and ——- means it could not be recovered. * marks a fragment already purchasable, saying
nothing about cost. (SN) is what a fragment costs on a 0-to-1 scale, and lower is better —
it is a cost, the opposite direction from g and p. The line already carries the total: the figure
on a cut is computed from its pieces, so quote it rather than one you worked out.

# How a route is judged

ROUTES carries three axes for every route claimed, all on the line, and the three are
compared without a fixed priority: p 5/6 pass, how many steps clear the filter, with
worst at rl12 identifying the lowest-plausibility step; rt 4/6 back, how many steps
the forward model recovers; and $.218, what its leaves cost. 6 steps is printed too and
is not one of the three — a shorter route can be beaten on all three and still be the one to run,
which is a real argument but not a dominance argument. A route beats another when it is at
least equal on all three and better on one, over the routes this board has claimed. Two routes
that read the same on all three are one answer wearing two labels. Hand over the routes that
are not dominated on the three objectives.

# Tools

## functions
namespace functions {

// Apply actions to the retrosynthesis board and receive the board

that results. Nothing on the board moves without a call.

type board_act = (_:
// Actions applied in the order given. At most one per molecule
-— so a single call may open several molecules at once, and
usually should: the pieces waiting on the board are the frontier,
and opening them together brings their disconnections back at the
same depth, where the next turn can rank rival cuts against each
other instead of committing to one branch and discovering later
that it was the wrong one.

//
// Every call is wrapped, never a bare action:
// {"actions": [ACTION, ...]}
//
// Each ACTION is an object:
// {
// "type" . "Open" ‘ llrank" ‘ "done",
// Ui el U R g string, // open,
rank
// "order"?: number[], // rank
// "take"?: number, // rank,
default 1
// "choices"?: {molecule id: candidate number} // done
// }
actions: anvyl[],
}) => any;

} // namespace functions
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User

OPEN
m2 depth 0 | no candidates yet
<mol m2>CN(C)C (=0) clnoc ([CQ@H] (CCCC2CCCCC2)CC (=0)NO)nl</mol>

\. J

Rollout Example — open / rank / done

Turn 3 — assistant (commentary)

{"actions": [{"type": "rank", "mid": "uy", "order": [2, 3, 0],
"take": 2},
{"type": "rank", "mid": "pg", "order": [9, 0, 2],
"take": 1}1]}
Turn 3 — tool
[Event] uy ranked [c2, c3, c0] | c2 applied -> r3 | pieces:

<mol px>CNC</mol>
buyable | $.000
<mol ba>0=C (C[C@E@H] (CCCCLCCCCC1l)clnc(C(=0)0)nol)NOCLICCCCO
1</mol> open | depth 2

r3 1 of 2 closed

[Event] uy ranked [c2, c3, c0] | c3 applied -> r4 | pieces:

<mol
d5>CN (C)C (=0) clnoc ([C@H] (CCCC2CCCCC2)CC (=0)0)nl</mol>
open | depth 2
<mol e7>NOC1CCCCO1</mol>
buyable | $.076

r4d 1 of 2 closed

[Event] pg ranked [c9, c0, c2] | c9 applied -> r5 | pieces:

<mol xs>CCI</mol> buyable | $.014

<mol d5/> open | depth 2

r5 1 of 2 closed

rl m2.cl 0 of 1 closed m2 ranked: cl | c2 | cO
r2 m2.c2 1 of 2 closed m2 ranked: cl | c2 | cO
r3 uy.c2 1 of 2 closed uy ranked: c2 | ¢3 | cO (was -)
r4d uy.c3 1 of 2 closed uy ranked: c2 | ¢3 | cO (was -)
r5 pg.c9 1 of 2 closed pg ranked: c9 | cO0 | c2 (was —-)
OPEN

ba under r3 | depth 2 | no candidates yet
das under r4 | depth 2 | no candidates yet

CLOSED eax($.000) | px*($.000) | e7%x($.076) | xs*($.014)

Turn 4 — assistant (analysis)

opening together: ba under r3, d5 under r4 | 13 and r4 are 1 of 2 closed, each owing its single
open piece; dS is shared by r4 and r5, so opening both keeps the uy branch’s two cuts alive
at one depth and lets the next turn rank them side by side.

Turn 4 — assistant (commentary)

{"actions": [{"typell: llopenll, "mid": "d5"}, {"type": llopen"’ "midll:
"ba" }] }

Turn 4 — tool

rl m2.cl 0 of 1 closed m2 ranked: cl | c2 | cO

r2 m2.c2 1 of 2 closed m2 ranked: cl | c2 | cO

r3 uy.c2 1 of 2 closed uy ranked: c2 | c¢3 | <O

r4 uy.c3 1 of 2 closed uy ranked: c2 | c3 | <O

r5 pg.c9 1 of 2 closed pg ranked: c9 | cO | c2

OPEN

ba under r3 | depth 2
<c0 g.509 p.723 rt2 $1.000>COC (=0)clnoc ([C@H] (CCCC2CCCCC2)CC (=0
)NOC2CCCCO02)nl ($1.000)</c0>
<cl g.460 p.619 rt5 $.955>CCOC (=0)clnoc ([C@H] (CCCC2CCCCC2)CC (=0
)NOC2CCCCO02)nl ($.955)</cl>
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<c2 g.006 p.993 rt-
$.634>COC (=0) C[CRREH] (CCCCI1CCCCC1l)clnc(C(=0)0)nol ($.633) +
NOCICCCCO1* ($.076)</c2>
<c3 q.006 p.978 rt2 $.654>NOC1CCCCOLx ($.076) +
0=C (0)C[CRE@H] (CCcclccccll)clne (C(=0)0)nol ($.653)</c3>
<c4 g. 006 p 619 rt- $.955>CCOC (=0) clnoc (C(CCCC2CCCCC2)CC (=0)NoC
2CCCC02) ($.955)</c4>
<c5 g. 005 p.723 rt— $1.000>COC(=0)clnoc ([CRE@H] (CCCC2CCCCC2)CC (=
0O)NOC2CCCCO02)nl1 ($1.000)</c5>
<c6 g.005 p.000 rtl $1.000>CC(C) (C)OC (=0)clnoc ([C@H] (CCCC2CCCCC
2)CC (=0)NOC2CCCC02)nl ($1.000)</c6>
<c7 g. OOl p 723 rt— $1.000>COC (=0) clnoc (C(CCCC2CCCCC2)CC (=0)NOC
2CCCC02) ($1.000)</c7>
<c8 qg. OOl p.993 rt-
$.634>COC (=0)C[CRH] (CCCC1LCCCCCLl)clnc(C(=0)0)nol ($.633) +
NOC1CCCCO1l*($.076)</c8>
<c9 g.001 pl.000 rt2 $.521>C1=COCCClx($.031) +
O=C (C[CRE@H] (CCCCICCCCC1l)clnc(C(=0)0)nol)NO($.520)</c9>
db under r4 | depth 2
<c0 g.504 p.024 rtl $.546>CN(C)C(=0)clnoc ([C@H] (CCCC2CCCCC2)CC(
=0)0C (C )(C)C ynl*($.546)</c0>
<cl g.39%4 .999 rtl $.646>COC (=0) C[CRQH] (CCCC1CCCCCLl)clnc (C(=0)
N(C)C)nol($.646)</cl>
<c2 g.047 p.933 rtl
$.576>CCOC (=0) clnoc ([C@H] (CCCC2CCCCC2)CC(=0)0)nl($.575) +
CNC* ($.000) </c2>
<c3 g.046 p.985 rtl $.589>CCOC (=0)C[CRE@H] (CCCC1CCCCCLl)clnc(C (=0
YN(C)C)nol ($.589)</c3>
<cd qg. 005 p.979 rtl $.667>CNCx ($.000) +
COC (=0) clnoc ([CQRH] (CCCC2CCCCC2)CC(=0)0)nl ($.667)</cd>
<c5 g.001 p.999 rt-
$.646>COC (=0)CC (CCCCICCCCC1l)clnc(C(=0)N(C)C)nol ($.646)</c5>
<c6 g.001 p.998 rtl $.653>CNCx* ($.000) +
0=C (0O)C[CRE@H] (CCCC1cCcCCCl)clnc(C(=0)0)nol ($.653)</c6>
<c7 g.001 pl.000 rtl $.575>CNCx ($.000) +
0=C (0O)C[CRE@H] (CCCC1CCCCCl)clnc(C(=0)Cl)nol ($.575)</c7>
<c8 g.001 p.024 rt- $.546>CN(C)C(=O)clnoc(C(CCCCZCCCCCZ)CC(=O)O
C(C) (C)C)nlx(S$.546)</c8>
<c9 g.001 p.024 rt- $.546>CN(C)C(=0)clnoc ([CRE@H] (CCCC2CCCCC2)CC
(=0)0C(C) (C)C)nl*($.546)</c9>

CLOSED eax($.000) | px*($.000) | e7%x($.076) | xs*($.014)

Turn 5 — assistant (analysis)

done on m2-cl, uy-c3, d5-c0: the route ends on the purchasable leaves ea, px, 7, xs. d5 is
made at r4, not bought, so it is not a leaf.

Turn 5 — assistant (commentary)

{"actions": [{"type": "done", "choices": {"m2": 1, "uy": 3, "d5":
0}}1}

\. J

Reasoning Schema — MOLECULE / DISCONNECTIONS / DECIDING

Turn 8 — assistant (analysis)

MOLECULE

target: oxadiazole bearing a dimethylamide, a cyclohexyl-substituted carbon, and a hydrox-
amic acid; two ring systems, one aromatic.

this piece: the same oxadiazole and cyclohexane, plus a methyl ester, a free hydroxyl, and
a tetrahydropyranyl-protected hydroxamate; the ester and the pyran are handles this route
installed.

not in the target: a methyl ester and a tetrahydropyran ring.

DISCONNECTIONS OF g3

c0 | bond: forms C-N at the hydroxamate carbonyl carbon and the amine nitrogen; breaks
C-O at the hydroxyl oxygen | reaction: Carboxylic acid with primary amine to amide | what
it does: unbalanced, fragments of 24 and 8 heavy atoms; the ring skeleton changes.

cl | bond: forms C-N at the hydroxamate carbonyl carbon and the amine nitrogen; breaks C-
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O at the ester oxygen | reaction: Aminolysis of esters | what it does: unbalanced, fragments
of 25 and 8 heavy atoms; the ring skeleton changes.

c2 | bond: forms C-N at the hydroxamate carbonyl carbon and the amine nitrogen; breaks
C-O at the hydroxyl oxygen | reaction: Carboxylic acid with primary amine to amide | what
it does: unbalanced, fragments of 24 and 8 heavy atoms; the ring skeleton changes.

¢6 | bond: forms C-O at the pyran carbon; changes the order of a C-C bond | reaction: oxa-
Michael addition | what it does: unbalanced, fragments of 25 and 6 heavy atoms; the ring
skeleton changes.

DECIDING g3
route 1 —c6

diverging from: cl, c2 | both are amide couplings of the pyran amine | this one closes the
pyran by oxa-Michael addition, the amide already in place.

ordered by: round-trip | value: 1 | it reads back to the product, which the amide cuts do
not.
route 2 —cl

diverging from: r2 | same step, Aminolysis of esters, Ester with primary amine to amide |
it re-forms the hydroxamate from the ethyl ester, a split the oxa-Michael route never makes.

ordered by: confidence | value: 0.320 | the two amide cuts read the same on the scored
axes, so the single-step model’s own reading separates them.
route 3 —c2

diverging from: 14 | same step, Carboxylic acid with primary amine to amide | it re-forms
the hydroxamate from the free acid, the other side of the same amide bond.

ordered by: structure | value: none | it beats the head on no number; it is the acid-side
coupling, the bond the head leaves untouched.

Turn 8 — assistant (commentary)

{"actions": [{"type": "rank", "mid": "g3", "order": [6, 1, 2],
"take"™: 1}1}

Turn 21 — assistant (analysis)

MOLECULE

target: an oxadiazole bearing a dimethyl amide, a cyclohexyl-substituted side chain, and a
hydroxamic acid; two ring systems, one aromatic and one aliphatic, one stereocentre.

this piece: g3, the oxadiazole core with the cyclohexyl side chain, an ethyl ester in place
of the dimethyl amide, and a tetrahydropyranyl-protected hydroxamate; three ring systems,
one stereocentre.

not in the target: an ethyl ester and a tetrahydropyranyl protecting group, both handles to be
consumed.

DISCONNECTIONS OF g3
c0 | bond: forms C-N at the hydroxamate carbonyl C; breaks C-O at the hydroxyl O | reac-

tion: Carboxylic acid with primary amine to amide | what it does: splits it into fragments of
24 and 8 heavy atoms, one piece carrying most of it; the ring skeleton changes.
cl | bond: forms C-N at the hydroxamate carbonyl C; breaks C-O at the ester O | reaction:

Aminolysis of esters, Ester with primary amine to amide | what it does: splits it into frag-
ments of 25 and 8 heavy atoms, one piece carrying most of it; the ring skeleton changes.
c5 | bond: forms C-N; breaks C-O | reaction: Aminolysis of esters, Ester with primary amine

to amide | what it does: splits it into fragments of 26 and 8 heavy atoms, one piece carrying
most of it; the ring skeleton changes.

DISCONNECTIONS OF ba

c0 | bond: breaks C-O at the sp3 C bearing the hydroxyl O | reaction: Cleavage of methoxy
ethers to alcohols, Ester saponification (alkyl deprotection), Ester saponification (methyl
deprotection) | what it does: one precursor of 30 heavy atoms; the ring skeleton is kept.

c8 | bond: forms C-N at the hydroxamate carbonyl carbon and the amine nitrogen; breaks
C-O at the ester oxygen | reaction: Aminolysis of esters, Ester with primary amine to amide
| what it does: unbalanced, fragments of 24 and 8 heavy atoms; the ring skeleton changes.

DISCONNECTIONS OF d5
c0 | bond: breaks C-O at the sp3 C bearing the hydroxyl O | reaction: Deprotection of car-
boxylic acid, Ester saponification (alkyl deprotection) | what it does: one precursor of 28
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heavy atoms; the ring skeleton is kept.

c5 | bond: breaks C-O | reaction: Cleavage of methoxy ethers to alcohols, Ester saponifica-
tion (alkyl deprotection), Ester saponification (methyl deprotection), Ester to carboxylate |
what it does: one precursor of 25 heavy atoms; the ring skeleton is kept.

DECIDING g3
route 1 —c5

diverging from: 12 | same step, Aminolysis of esters, Ester with primary amine to amide |
this one cuts the hydroxamate side, so it opens a different branch than the amide aminolysis
already expanded.

ordered by: structure | value: none | the tied leaders were separated by the single-step
confidence and a missing round-trip, neither a scored axis, so the cut’s own bond change is
what it is kept for.
route 2 — c0

diverging from: r4 | same step, Carboxylic acid with primary amine to amide | this one
keeps the ester and cuts the acid side, so it is the acid-side partner to the ester-side cut taken
above.

ordered by: round-trip | value: 1 | the forward model recovers it cleanly, which the ester-
side cut above, at rank two, does not.

DECIDING ba
route 1 —c8

diverging from: c2 | the same amide cut on the epimeric acid | c8 keeps the [C@H] centre
the target carries, c2 inverts it.

ordered by: structure | value: none | against the plausibility-tied c2, the retained stereo-
centre decides.

DECIDING d5
route 1 —c5

diverging from: none | nothing on this board has yet cut this acid, so there is no earlier
step to differ from.

ordered by: plausibility | value: .999 | the filter clears the step, and it is the only untried
cut here that reaches the free acid.

Turn 21 — assistant (commentary)

{"actions": [{"type": "rank", "mid": "g3", "order": [5, 0], "take":
2
& {"type": "rank", "mid": "ba", "order": [8], "take":
1},
{"type": "rank", "mid": "d5", "order": [5], "take":

111}
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