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Abstract

Retrosynthesis prediction is one of the fundamen-
tal challenges in organic synthesis. The task is to
predict the reactants given a core product. With
the advancement of machine learning, computer-
aided synthesis planning has gained increasing in-
terest. Numerous methods were proposed to solve
this problem with different levels of dependency
on additional chemical knowledge. In this paper,
we propose Retroformer, a novel Transformer-
based architecture for retrosynthesis prediction
without relying on any cheminformatics tools for
molecule editing. Via the proposed local attention
head, the model can jointly encode the molecular
sequence and graph, and efficiently exchange in-
formation between the local reactive region and
the global reaction context. Retroformer reaches
the new state-of-the-art accuracy for the end-to-
end template-free retrosynthesis, and improves
over many strong baselines on better molecule
and reaction validity. In addition, its generative
procedure is highly interpretable and controllable.
Overall, Retroformer pushes the limits of the reac-
tion reasoning ability of deep generative models.

1. Introduction

Retrosynthesis (Corey & Cheng, 1989) is one of the major
building blocks in organic synthesis, which aims to discover
valid and efficient synthetic routes (i.e., reactants) given a
target molecule (i.e., product). It is crucial for the phar-
maceutical industry as one of the main challenges for drug
discovery is to efficiently synthesize novel and complex
compounds in the laboratory (Blakemore et al., 2018).

Recently, computer-aided synthesis planning has gained vast
attention for its potential to save a tremendous amount of
time and efforts from traditional retrosynthesis approaches.
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Various machine learning approaches were proposed with
different levels of dependency on additional chemical knowl-
edge. These methods can be categorized into three groups.
First, template-based methods (Coley et al., 2017; Dai et al.,
2019; Chen & Jung, 2021) view the retrosynthesis prediction
as the template retrieval problem, where a template encodes
the core reactive rule (Figure 1). After the templates are
retrieved, these methods use cheminformatics tools like RD-
Kit (rdk) to build up full reactions from the templates. De-
spite the state-of-the-art accuracy and guaranteed molecule
validity, these methods are limited to the scope of the exist-
ing template database. In contrast, template-free methods,
the second class, use deep generative models to directly
generate the reactants given the product. Since molecule
can be represented by both the graph and the SMILES se-
quence, existing approaches reframe the retrosynthesis into
either sequence-to-sequence (Lin et al., 2020; Chen et al.,
2019; Zheng et al., 2020; Tetko et al., 2020; Seo et al., 2021;
Kim et al., 2021) or graph-to-sequence problem (Tu & Co-
ley, 2021). These generative methods do not rely on any
additional chemical knowledge and can perform chemical
reasoning within a larger reaction space. The third class is
semi-template-based methods, which combine the advan-
tages of both the generative models and the prior chemical
knowledge. Conventional frameworks (Yan et al., 2020; Shi
et al., 2020; Somnath et al., 2020; Wang et al., 2021) in
this category follow the same idea: They first identify the
reactive sites and convert the product into synthons using
RDKit. Then, another model completes synthons into reac-
tants. These methods are competitive in accuracy and are
interpretable by their stage-wise nature.

In this work, we are interested in the template-free genera-
tive approach for retrosynthesis prediction. Existing meth-
ods fail to fully explore the potential of deep generative
model in terms of reaction reasoning, and we argue that
the end-to-end Transformer-based (Vaswani et al., 2017)
architecture can reach the same competitive benchmark ac-
curacy as well as good validity and interpretability. We pro-
pose Retroformer, a novel end-to-end retrosynthesis Trans-
former that introduces a special attention head. It is able
to jointly encode the sequential and graphical information
of the molecule and allow efficient information exchange
between the local reactive region and the global reaction
context. The generative process is also sensitive to the exact
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Template-basedmethods rely on an external template
database. Since the template is a more ef cient and in-
terpretable representation for reactions (Heid et al., 2021;
Wan et al., 2021), a large body of works (Coley et al., 2017;
Dai et al., 2019; Chen & Jung, 2021) focus on capturing
the reactive scores between the molecules and templates.
Retrosim (Coley et al., 2017) uses molecule ngerprint sim-
ilarity to rank the candidate templates. GLN (Dai et al.,
2019) and LocalRetro (Chen & Jung, 2021) use graph neu-
Figure 1: Sample reaction (top), reaction centers highlighted@l network (GNN) to capture the molecule-template and
in red, which corresponds to the reaction template (bottom)atom/bond-template relationship, respectively. Despite their
state-of-the-art tof-accuracy, all template-based methods
reactive region. Our end-to-end model does not rely orsuffer from the incomplete coverage issue and do not scale
any additional help from cheminformatic tools for molecule Well-

editing. Experiments show that our model can improverempjate-freemethods, in contrast, adopt deep generative
over the vanilla Transformer by 12.5% and 14.4% top-10models to directly generate the reactants molecules. Be-
accuracy in the reaction class known and unknown settingg;ges graph, molecules can be represented using SMILES
respectively. It reaches the new state-of-the-art accuracyequence. Existing works (Lin et al., 2020; Chen et al.,
for template-free methods and is competitive against botho19: zheng et al., 2020; Tetko et al., 2020; Seo et al.,
template-based and semi-template-based methods. It al3g21; kim et al., 2021) take advantage of the Transformer
enjoys better molecule and reaction validity compared tq\aswani et al., 2017) architecture and reframe the prob-
strong baseline models. The model is highly interpretablgem as the sequence-to-sequence translation from product
and controllable for downstream usage. Our contributiongg reactants. Graph2SMILES (Tu & Coley, 2021) replaces
are summarized as: the original sequence encoder with a graph encoder to en-
sure the permutation invariance of SMILES. These methods
» We propose Retroformer, a novel Transformer-basedely on little additional chemical knowledge for inference.
architecture that introduces the local attention head, tdHowever, chemical validity can be a huge concern because
push the limits of the reaction reasoning ability of deepvalidity is often not part of the training objective. Another
generative models in retrosynthesis prediction. factor comes from the ignorance of graphical structure dur-
ing the sequence generation. Also, generated outcomes
* The proposed method reaches 64% and 53.2% toptom beam search often suffer from the diversity issue (Vi-

accuracy for reaction class known and unknown setayakumar et al., 2018), which is another practical concern
tings, respectively, which is the new state-of-the-artfor retrosynthesis.

performance for template-free retrosynthesis. ) .
Semi-template-basednethods combine the advantage of

» The proposed method further improves the top-10both the generative models and additional chemical knowl-
molecule and reaction validity by 23.6% and 22.0%,edge. In this work, we strictly categorize generative models
respectively, compared to the vanilla retrosynthesigvhich require additional help from RDKit (rdk) for molecule
Transformer. editing into this method group. MEGAN (Sacha et al., 2021)

reframes the generative procedure as a sequence of graph
edits that are completed by RDKit. In addition, most exist-

2. Related Work ing works (Yan et al., 2020; Shi et al., 2020; Somnath et al.,
_ o 2020; Wang et al., 2021) approach the task by a two-stage
2.1. Retrosynthesis Prediction procedure. Despite their architecture differences between

Existing methods in retrosynthesis prediction can beCNN and Transformer, .they follow the same id.ea:_ They
grouped into three categories: template-based, templat(-§§t_comfert the product Into synthons by pr_edlct!ng Its re-
free, and semi-template-based. The reaction template efCtive Sites and performing molecule editing via RDKit,
codes the core reactive rules. As shown in Figure 1, a cof?€" complete the synthons into reactants by either leaving
ventional template tells the potential reactive region withind"UPS selection (Somnath et al., 2020), graph generation
the molecule, as well as its potential chemical transformd>n! €t al., 2020), or SMILES generation (Yan et al., 2020;
tion. These templates are either expert-de ned or auto\lv"’mg,et a!., 29,21)' A'thO‘_Jgh the framewor.k ts_ better with
matically extracted by algorithms. In this work, we strictly CN€MiSts’intuition of solving the problem, it brings several
differentiate the three categories by the levels of dependencg)sadvamages' First, it requires two separate models to per-
on additional chemical knowledge during inference. orm each subtask. RetroPrime (Wang et al., 2021) uses two
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Figure 2: Architecture overview. The model takes molecular SMIIS=shd a) bond feature matrix as inputs. Besides the
encoder outputh, the b) predicted reactive probability is c) converted to the indicatoB.0&nd passed to the decoder.

the conventional graph neural networks (Gilmer et al., 2017)
with Transformer architecture (Dwivedi & Bresson, 2021;
Chen et al., 2021).

3. Preliminary

LetS =[s;;sy;:::5n] be the molecular SMILES sequence
with n number of tokens. LeGmo = (Vi Em) be the
molecular graph. It is formed b, j number of atoms
with jE, j number of bonds. For computation convenience,
we further introduce the SMILES grafbyni = ( Vs; Es).
Vs is made up of all the SMILES tokens, including the
Figure 3: Local-global self-attention head in encoder. atom tokens (e.g., “C", “O") as well as the other special
tokens (e.g., “=", “1"):Vm Vs = S. In Ggny , the special
Transformers, which doubles the computational complexit);.OkenS are treated as trivial nodes with no neighbors. Its
Second, the two learning stages are independent. It mea§9€Es represents the graphical connections between atom
that knowledge behind reaction site prediction cannot propiokens, which is essentially the same as bond connections
agate to reactants completion, which loses some chemic&im in Gmol - In generalGsmi is a larger but sparser graph
senses. Third, any subtle mistake from reaction site predi€ompared tGmol . The introduction ofGsm; is merely
tion will directly mislead the results. In contrast, our work 0 ensure the alignment relationship between the atoms in
attempts to walk around these disadvantages with an end-tgfaph and the tokens in SMILES.
end Transformer while still maintaining its interpretability.
4. Retroformer
Besides different architecture designs, self-supervised
molecule pretraining is also shown to be effective in retWe propose Retroformer, a novel Transformer-based model
rosynthesis prediction. DMP-fusion (Zhu et al., 2021) preihat is able to perform interpretable retrosynthesis predic-
trains the molecule with a dual view of SMILES and graph.tion in an end-to-end manner. We propose a special type of
Chemformer (Irwin et al., 2021) applies masked SMILESIocal attention head that can support ef cient information

modeling to learn the molecule representation. exchange between the local region of reactive importance
and the global reaction context. Its generative procedure is
2.2. Graph Transformer also sensitive to the exact local region. The overall train-

Sing and inference can be done in an end-to-end manner.

gained increasing interest. The global receptive elds of thell IS @ fully template-free method without any additional

self-attention and the local message passing of the graph ne ependency on RDK:it for molecule editing. The overall ar-

ral network are inherently complementary and compatible(.: itecture contains an encoder, a decoder, and two reaction

Attempts have been made in ways of incorporating graplgenter identi ers. We also propose to use SMILES align-

information into the self-attention computation (Ying et al., €Nt and on-the- y data augmentation as two additional
training strategies.

2021; ukasz Maziarka et al., 2020; 2021) and integrating

The introduction of Transformer into the graph domain ha
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4.1. Local-Global Encoder with Edge Update 2021) simplify this concept as the exact reactive sites. We
. . . . . __argue that this simpli cation may lead to information loss
Since molecular graph can provide additional mformauonof the reaction context, such as the in uence of functional
on top of the ZMlFE.S seq;e nce, our ertlgoder dt?)kes dﬁfoth groups. These methods also cannot perform retrosynthesis
sequence antsmi (i.e., adjacency matrix and bond fea- u, 4y eng-to-end manner, since they rely on RDKit to convert
Fure) as mputs. ThE’T bond features we _co_nSIdered are “Stet e product into synthons. Instead, Retroformer predicts
in Appendix E.1. Different from the existing graph Trans-the reactive probability.. (2) of each atom and bond and

;o(;;nlertsh(\t(lng et atl., 2021;} uki‘szt{vla?arka.tit. alt-ﬁ 202?.; converts the reactive region 8finto the attention receptive
) that compute graph self-attention within the en '€ 014 for the decoder. In short, the detected reaction center

module, our model encodes the graph information at th :
head level. We specify two types of attention heads: globa%rc 's @ subset o6.
head and local head. The global head is the same as thégure 2b shows a heat map visualization of the predicted
vanilla self-attention head, where its receptive eld is thereactive probability. It is done by two fully connected layers
entire SMILES sequence. The local head, on the othenamed Atom RC Identi er and Bond RC Identi er:
hand, considers the topological structure of the molecule.
The receptive eld of an individual token is restricted to its
one-hop neighborhood, which is similar to (Zhang et al.,
2021). In addition, we perform element-wise multiplication
between the key vector and the edge feature to incorporate
the bond information into the calculation. The roll-out form We will show in Section 5.3 that the learned reaction cen-
of the local head self-attention at layefor thei'" tokenis  ter can be easily visualized and matched with chemical
formulated as: heuristics. We then convert the atom and the bond reactive
X g (Al probability into the reactive indicator of tokens 3, by

:+1 ocal = ( Uy either one of the following two strategies:

J2N (i) d
[0k ;v 1= [hWh WK hiwY]

Prc (Si) =
Prc (elj ) =

FFNatom(hi) 7 Si 2 Vm
FFNoond(Ajj ) ;€& 2 Em

(4)
®)

k)T

)Vj

X

@

* naive we naively set a token as reactive if it exists in a
reactive edge (i.eR.c (e) > 0:5) and is reactive itself

whereA is the bond feature matrixy 2; WK ; WV are the
projection matrix for calculating query, keyk, and value

v, and is the softmax operation. The computed representa-
tions from the global and local heads are then concatenated
along the hidden dimension and passed to a linear layer, «
which represents the updated token featin'és. Mean-
while, the edge update module is a fully connected layer
(FFN) that takes the concatenation of the updated features
of the receiving and sending tokens as inputs:

=
T
o
|

)
®3)

The integration of the local, global attention heads, and
the edge update module allows the model to ef ciently ex-
change information between the local region and global
molecular context. Same as the vanilla Transformer
(Vaswani et al., 2017), layer normalization and residual
connection are enforced between encoder layers. The nal
encoder outputs are the updated token representatoml
the bond representatiah.

= Linear([le global ;X|+1 local ])
Ajj + FEN(h{™ ;hi**])

1+1

(i.e.,Pc(s) > 0:5). Note that the special tokens are
guaranteed to be non-reactive. This strategy is used at
both training and inference stages.

search we conduct a subgraph search on the molecular
graph |§nd rank the subgra@hs by their reaction center
score: s, logPrc (Si)+ 5115; 25k logPrc (e ).
Only atoms withP,.(S) > a0om and bonds with
Pic(€) > pong are considered in the search to re-
duce the computational time. Detailed algorithm is
described in Appendix E.4. Then, topsubgraphs are
selected as reaction center candidates. The model then
generate&=n reactants for each reaction center, where
k is the total number of predicted reactants. The nal
results are ranked by the sum of the reaction center
score and the generative score. This strategy is only
used at inference stage.

4.3. Local-Global Decoder

The decoder takes its generative outcomes from the previous
step, the encoder outputs and the reaction cent&;.

as inputs. Similar to the encoder, we also introduce two

A reaction center represents the group of atoms and bondfifferent heads in its cross-attention module. The global

that are contributing factors to the chemical transformationhead is the same as the vanilla head. The local head, on
However, existing semi-template-based methods (Yan et althe contrary, is only visible to the detected reaction center

2020; Somnath et al., 2020; Shi et al., 2020; Wang et al$,c . It computes the sparse cross-attention instead of the

4.2. Reaction Center Detection
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thetically speaking, this guided attention can encourage the
model to understand chemical reactions more ef ciently.

4.5. Data Augmentation

We follow the same data augmentation tricks used in (Seo
et al., 2021; Tetko et al., 2020) for the SMILES generative

Figure 4: Token and atom alignment between product angodels, which are the SMILES permutation of the product
reactants in SMILES and graph representations, respective§nd the order permutation of reactants. However, instead of

The right most gure is the ground truth alignment matrix. €xpanding the training dataset off-the-shelf, we choose to
perform the augmentation on-the- y. At each iteration, there

full cross-attention. is a probability of 50% to permute the product SMILES and
X T the reactants ordering. This dynamic permutation allows
yi+ - (Qrkjg)v_ (6) the model to focus more on the canonical SMILES and use

' local d’’ the permuted SMILES for regularization. Ablation towards

i 2 Src . . . . . .
° different augmentation methods is discussed in Appendix B.

[a:ki;vi1=[gW WK hywV]

. 4.6. Loss
Same as the encoder, the computed representations from the
global and local heads are then concatenated along the hiflhe training schema can be viewed as an end-to-end multi-

den dimension and passed to a linear layer, which representask learning. The overall loss is made up of four parts:

the representatiog ** . L =L +Lrcpyy * LrRCauen + Lac, WhereLy
1 _ 1 " is the language modeling objectiegc is the reactive
g = Lineal[y ™ giopai ;Y local D) (7)  probability loss, andl pg is the SMILES alignment loss.

It essentially converts the decoder into a conditional geng
erative module, which is similar to the reactants genera="
tion module conditioned on the converted synthon (semibata We use the conventional retrosynthesis benchmark
template-based approaches). However, sgigenly sug-  dataset USPTO-50K (Schneider et al., 2016) to evaluate
gests the region of reactive importance, the condition isur method. It contains 50016 atom-mapped reactions that
more relaxed than the strict condition of the converted synare grouped into 10 reaction classes. We use the same data
thon. More importantly, since Retroformer can be trainedsplit as (Coley et al., 2017). We canonicalize the molecule
end-to-end, generative feedback can backpropagate to ttgMILES with atom mapping following the same protocol

Experiments

reaction center learning. given in (Somnath et al., 2020). We then use RDChiral
) (Coley et al., 2019) to extract the ground truth reaction
4.4. SMILES Alignment center and use the algorithm in Appendix E.3 to extract the

SMILES alignment is an additional learning task of Retro-ground truth SMILES token alignment.

former. Similar to machine translation, the SMILES se-gygjuation We adopt the conventional tdp-accuracy
quences of the source and the target molecules are often pgf-the full reactants to evaluate the retrosynthesis perfor-
tially aligned. A large portion of the molecules remains un-,5nce. We also evaluate the topealidity of the gen-
changed during the reaction. Figure 4 shows this alignment ated routes. For molecule validity, we treat a candi-
relationship in both graph and SMILES representations. Theate as valid if RDKit (rdk) can successfully identify the

node alignment between graphs (i.e., atom mapping) cap,gjecule SMILE$, The toj- validity is calculated as:
be easily converted into token alignment between SMILES,, alid(k) = L Nk 1(SMILES is valid. We fur-
= ) .

Detailed substring matching algorithm with atom-mappingyp e, evaluatg oler nﬁethod with the round-trip accuracy
is described in Appendix E.3.

(Schwaller et al., 2020), which is an approximation met-
Inspired by the effectiveness of the guided attention infic for reaction validity. It measures the percentage of pre-
(Deshpande & Narasimhan, 2020), we introduce the adicted reactants that can lead back to the original product.
tention guidance loss between the ground truth alignmen{ve take the pretrained Molecule Transformer (Schwaller
and the attention weights from the decoder's global crosst al., 2019) as the oracle reaction prediction model be-
attention heads. We treat the computed cross-attention &ause of its state-of-the-art performance. Ourkapund-
each decoder step as a probability distribution and impos#ip accuracy calculation is slightly different from the def-
a label smoothing loss (Pereyra et al., 2017). It is a softnition adopted by RetroPrime (Wang et al., 2021) and
cross entropy loss with the label smoothing technique and isocajiRetrg (Chen & Jung, 2021)RoundTrip (k) =

shown to be effective in classi cation performance. Hypo—N—lk 'I' ‘; 1(Reach Ground Truth Prodyct
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Table 1: Topk accuracy for retrosynthesis prediction on USPTO-50K. * indicates the model with SMILES augmentation.

For comparison purpose, the Aug. Transformer is evaluated without any test augmentation. Best performaotet is in

Top-k accuracy (%)

Model Reaction class known Reaction class unknown
1 3 5 10 1 3 5 10
Template-Based
GLN (Dai et al., 2019) 64.2 79.1 85.2 90.0 525 69.0 75.6 837
LocalRetro (Chen & Jung, 2021) 63.986.8 92.4 96.3 534 775 859 924
Template-Free
Transformer 571 715 75.0 777 424 58.6 63.8 67.7
SCROP (Zheng et al., 2020) 59.0 748 78.1 81.1 437 60.0 65.2 68.7
Tied Transformer (Kim et al., 2021) - - - - 47.1 67.1 73.1 76.3
Aug. Transformer* (Tetko et al., 2020) - - - - 48.3 - 734 774
GTA* (Seo et al., 2021) - - - - 511 67.6 748 816
Graph2SMILES (Tu & Coley, 2021) - - - - 529 66,5 70.0 729
Retroformeg,se(Ours) 61.5 78.3 82.0 84.9 479 629 66.6 70.7
Retroformeg,g* (Ours) 64.0 818 854 883 529 682 725 764
Retroformegygt * (Ours) 64.0 825 86.7 90.2 53.2 71.1 76.6 821
Semi-Template-Based
RetroXpert* (Yan et al., 2020) 62.1 75.8 785 80.9 504 611 623 634
G2G (Shi et al., 2020) 61.0 81.3 86.0 88.7 489 67.6 725 755
GraphRetro (Somnath et al., 2020) 63.9 815 852 88.153.7 683 722 755
RetroPrime* (Wang et al., 2021) 64.8 81.6 85.0 86.9 514708 74.0 76.1
MEGAN (Sacha et al., 2021) 60.782.0 875 91.6 48.1 70.7 784 86.1
Table 2: Topk SMILES validity for retrosynthesis predic- Table 3: Topk round-trip accuracy for retrosynthesis pre-
tion on USPTO-50K with reaction class unknown. diction on USPTO-50K with reaction class unknown.
Top-k validity (%) Top-k round-trip acc. (%)
Model 1 3 5 10 Model 1 3 5 10
Transformer 97.2 879 824 731 Transformer 719 547 46.2 356
Graph2SMILES 99.4 90.9 849 749 Graph2SMILES 76.7 56.0 46.4 349
RetroPrime 98.9 98.2 97.1 925 RetroPrime 79.6 59.6 50.3 404
Retroformegyg 99.3 985 97.2 926 Retroformegyg 786 71.8 67.1 57.6
Retroformeggt 99.2 985 974 96.7 Retroformeggt 78.9 72.0 67.1 57.2

Baseline We take GLN (Dai et al., 2019) and LocalRetro augmentation and th&aivereaction center detection strat-

(Chen & Jung, 2021) as two strong baseline models fronf 9" Retroformegug represent.s the model with data augmen-
thetemplate-basedroup. We take SCROP (Zheng et al., tation and thenawestrategy, Rgtroformggg+ represents
2020), Tied Transformer (Kim et al., 2021), Augmentedthe model with data augmentation and Hearchstrategy.
Transformer (Tetko et al., 2020), GTA (Seo et al., 2021),

and Graph2SMILES (Tu & Coley, 2021) as the baselinelmplementation Details Built on top of the vanilla Trans-
models from theemplate-freggroup. We also train a vanilla former (Vaswani et al., 2017), our model has 8 encoder
retrosynthesis Transformer from scratch using OpenNMTayers and 8 decoder layers. The model is trained using
(Klein et al., 2017). We take RetroXpert (Yan et al., 2020),the Adam optimizer (Kingma & Ba, 2017) with a xed
G2G (Shi et al., 2020), GraphRetro (Somnath et al., 2020)earning rate ofle 4, and a dropout rate d¥:3. The
RetroPrime (Wang et al., 2021), and MEGAN (Sacha et al.embedding dimension is set to 256, and the total amount
2021) as strongemi-template-basduhselines. We do not of heads is set to 8. We split the heads by half for global
include the pretraining approach in the performance conand local heads. Retroformeggis trained on 1 NVIDIA
parison. We experiment with three variants of the proposedesla V100 GPU for 24 hours. Our code is available at
model: Retroformegserepresents the model with no data https://github.com/yuewan2/Retroformer



Retroformer: Pushing the Limits of Interpretable End-to-end Retrosynthesis Transformer

Table 4: Effects of different components on retrosynthesis performance with reaction class unknown.

Settings Modules Top-k accuracy (%)
. : Local-global Local-global Reaction

Guidedsst ~ Guidedy Engoder Decoder  Center Search 3 5 10
(a) o p'" p" 455 60.7 654 69.9
(b) 0 0 0 470 631 669 71.1
(©) D o 479 629 66.6 70.7
(d) 0 0 441 60.1 64.7 702
e 46.7 63.7 684 739

(&) p p p p

(f) 484 66.8 732 78.8

Table 5: Effects of local-global encoder, reaction centemplates are guaranteed to be valid. As we mentioned before,
search, and data augmentation on reaction center detecti@MILES generative models are more likely to struggle with
performance. Ablatiolic) corresponds to Retroformgge the validity issue. Without knowing the proper reaction cen-
ter, the models may modify the molecule fragments that are
Settings Top-n accuracy (%) distant from the core reactive region, which is chemically
1 1 2 3 trivial. As shown in Table 2, both of our model variants
Ablation(d) 55.4 +search 71.6 84.1 89.9 enjoy better molecule validity than others. It improves the
Ablation (c) 63.0 +search 75.8 88.2 91.3 top-10 validity over the vanilla Transformer by 23.6%. It
Retroformeg,y 67.5 +search 79.3 90.0 929  shows that being aware of the local reactive region can en-
courage the model to avoid errors that propagate via the
non-reactive regions.

5.1. Performance

) ) Top-k Round-trip Accuracy To measure the reaction
Top-k Accuracy  With the reaction class known, our aug- ya|idity, we take the pretrained Molecule Transformer
mented model can achieve a 64.0% toand 88.3% to0  (Schwaller et al., 2019) as the oracle reaction prediction
accuracy. It reaches the state-of-the-art performance fqf,odel to measure the percentage of koproposed syn-
template-free methods and is competitive against templatenetic routes that can lead back to the ground truth product.
based and semi-template-based methods. It improves ov@gple 3 shows the performance comparison of the round-
the vanilla retrosynthesis Transformer by 6.9% fopad i accuracy. It shows that our method improves over the
11.9% top10, respectively. With the reaction class un-existing methods by a large margin. Our model exceeds the
known, our augmented model can achieve a 52.9%1top~anilla Transformer by 22.0% top-10 round-trip accuracy,
and 76.4% toft0 accuracy. The tofi-accuracy reaches the anq it also improves over RetroPrime by 12.2%. It shows

state-of-the-art performance as Graph2SMILES. In additiongat our model is more likely to propose valid and ef cient
Retroformegasesurpasses the vanilla retrosynthesis Transgynthetic routes for downstream usage.

former by a large margin in both settings. It demonstrates

the promising potential for the dgep ge_ngratlve model_tos_z_ Ablation Study

perform end-to-end retrosynthesis prediction and reaction

space exploration. We further conduct ablation study to evaluate the effects
. of each component on retrosynthesis performance. As for

We further demonstrate the strength of the reactiony, guided alignment loss, we experiment with two settings:

center detection. With the tap-subgraphs proposed, Guidedy: the alignment loss is enforced at the rst global
Retroformeg,gt can further boost the performance to the heads of all decoder layers: Guiggd the loss is enforced
new state-of-the-art accuracy for template-free retrosynthea-t the rst global head of thé last decoder layer

sis in both experiment settings. We provide further ablation
and interpretation of theearch strategy in Section 5.2, Table 4 shows that all proposed components are necessary
Section 5.3 and Appendix E.4. for Retroformeg,scto reach the best retrosynthesis perfor-

mance. The improvement froga) to (b) and(a) to (c)
Top-k SMILES Validity =~ We take the vanilla retrosynthe- shows that the model can better capture the reaction knowl-
sis Transformer, Graph2SMILES, and RetroPrime as strongdge from learning the SMILES alignment. We chofge
SMILES generative baselines for validity comparison with over(b) as our nal alignment loss because of its compara-
our model. We do not include template-based methodsle performance and its lighter training duty. The 2.9% top-1
in this evaluation since molecule SMILES built from tem-improvement fron{d) to (c) indicates the effectiveness of



Retroformer: Pushing the Limits of Interpretable End-to-end Retrosynthesis Transformer

Figure 5: Retrosynthesis prediction of a randomly selected molecule.

our local-global graph Transformer encoder. Compaf)g 5.3. Qualitative Analysis
and(e), we could see that the local-global decoder achieve . . .
higher top-1 accuracy than the full global decoder, Wherea%? addition tp Its gompetltlve benchmark performance,
the latter version has better tégaccuracy fok > 1. This etroformer is fully |r_1terpretable and controllable by exter-
is also reasonable. Focusing on a speci c reaction center?al chemical instruction.

makes the generative process more constrained. The perfdie evaluate the interpretability and the quality of the
mance drop fok > 1indicates the loss of outcome diversity. detected reaction center, we randomly select a product
However, the local-global decoder is compatible with themolecule from the test set of USPTO-50K and predict the
reaction center search, whereas the full global decoder igactants with theearch strategy. We also evaluate the set-
not. With thesearch strategy, the model can boost the top- ting where we explicitly specify a reaction center and give
accuracy and improves the top-10 accuracy by 4.9% fronit to the decoder. We term this setting as the reaction center
(e) to (f). retrieval. As shown in Figure 5, themarch algorithm pro-
poses three different reaction centers (highlighted in green)
given the raw reactive log probabilities. The numbers rep-
sent the reactive scores of each subgraph candidate. In
is example, the top candidate matches the ground truth
; reaction center in the data. The third column indicates the
(d) and(c), the local-global encoder structure improves the op-2 veri ed predicted reactants given both the reaction

reaction center detection accuracy by a large margin, fro

55.4% to 63%. The improvement is expected given the ercenter and the encoded molecule. The numbers represent
coder is now aware of the graphical structure of the moleculet.he generative scores of each reactants. It _ShOWS that the
When the data augmentation is applied, Retrofogpgéur- model can unQerstand the concept of reaction center and
ther improves the accuracy by 4.5% accuracy. ReactioRroPose chemical transformations compatible with it. The

center subgrapbearch demonstrates its strength by its con- pugi‘omesl frocrin rtr:‘enr(::“fvfﬁ ﬁzctlonnc?nttiern(ih|gfh||||ghter<11
sistent improvements over all settings. We can also perfor ue) also demonstrate that the generation is fully con-

the topn reaction center ranking rather than relying on atrolltablle by ex';_ernal |nftruc:gg_t(l.e.,lthe 5|ng| C.atlﬁon of at
single candidate by theaive cutoff strategy. particular reaction center). itional analysis with respec

to the learned token alignment is described in Appendix D.

In addition to the overall performance, we also evaluate th
effects of the encoder structure, the proposearch strat-

egy, and the data augmentation trick on the reaction centéﬁ
detection topa accuracy. As shown in Table 5, comparing t
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6. Conclusion Corey, E. and Cheng, XThe Logic of Chemical Synthesis

. Wiley, 1989.
We propose Retroformer, a novel Transformer-based archi-

tecture that reaches the new state-of-the-art performandeai, H., Li, C., Coley, C., Dai, B., and Song, L. Retrosyn-
for template-free retrosynthesis. With the proposed local thesis prediction with conditional graph logic network. In
attention heads and the incorporation of the graph informa- Advances in Neural Information Processing Systesps
tion, the model is able to identify local reactive regions and 8870-8880, 2019.

generate reactants conditionally on the detected reactioB e
center. Being aware of the reaction center also encourages
the model to generate reactants with improved molecule
validity, reaction validity, and interpretability. We plan to
further research the multi-step template-free retrosynthe-
sis planning problem using Retroformer as the single-step
retrosynthesis prediction backbone.
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ers. InFindings of the Association for Computa-
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line, November 2020. Association for Computational
Linguistics. doi: 10.18653/v1/2020. ndings-emnlp.
419. URL https://aclanthology.org/2020.
findings-emnlp.419
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A. Appendix: Validity and Round-trip Accuracy

Table 6 shows a detailed comparison between all variants of Retroformer in termskoStdi-ES validity and round-trip
accuracy. It helps to understand the effectsexdrch strategy and data augmentation alone on validity performance.

Table 6: Topk SMILES validity and round-trip accuracy for retrosynthesis prediction with reaction class unknown.

Top-k validity Top-k round-trip acc.
1 3 5 10 1 3 5 10
Retroformegse 98.4 97.0 954 90.5 76.4 694 64.2 53.6
Retroformegaset 98.5 97.4 96.3 94.0 77.4 69.3 64.2 539
Retroformeg,y 99.3 985 972 92.6 786 718 67.1 57.6
Retroformeg,g+ 99.2 985 97.4 96.7 789 720 67.1 57.2

Model

B. Appendix: Data Augmentation

Although SMILES augmentation has become a common trick that improves over the SMILES-based molecular deep learning
model, the implementation varies. Here, we perform an ablation study with our augmentation method, (&earet al.,

2021), and x5M (Tetko et al., 2020). 2P2Represents adding an additional permuted SMILES (i.e., change the starting
atom of the product and shuf e the reactants ordering) for each original SMILES into the dataset. xX5M represents adding
four additional permuted SMILES as well as its inverted format. The inverted format is essentially the forward reaction
SMILES, with a special token added at the beginning of its string for retrosynthesis training. In our work, we apply random
permutations at each training iteration instead of expanding the dataset ahead since we want the canonical form and the
permuted form to be equally weighted, while still allowing the model to see various permutations. It also avoids storing a
much larger dataset ahead.

Table 7 shows the performance comparison of different augmentation methods applied on Retroformer. All methods show
signi cant performance improvement over the non-augmented setting. 8R2Rlightly less effective than x5M and ours,

which can be explained by its small augmentation amount. Our method is slightly less effective than x5M, even though the
augmentation amount from random permutation is much larger. It implies the reducing marginal improvement brought by
brutally increasing the permutation amount, which is consistent with the nding in (Tetko et al., 2020). It also indicates the
effectiveness of data augmentation from the forward reaction.

Table 7: Performance comparison between different data augmentation methods with reaction class unknown.

Top-k accuracy
1 3 5 10
None 479 629 66.6 70.7
2P2Rs 519 67.7 723 77.0
X5M 52.8 68.7 729 786
Ours 529 68.2 725 764

Settings

C. Appendix: Model Complexity

We measure the model complexity (i.e., total number of parameters and inference time) of Retroformer compares to other
Transformer-based retrosynthesis baselines: vanilla Transformer, GTA (Seo et al., 2021), and RetroPrime (Wang et al.,
2021). Note that the complexity of Augmented Transformer (Tetko et al., 2020) and Tied Transformer (Kim et al., 2021)
should be roughly the same as the vanilla Transformer since they only differ by training strategies. Table 8 shows the
complexity comparison measured on a NVIDIA T4 GPU with batch size equaling 8. The second column represents the
vanilla Transformer based on our implementation. Its difference in inference time compared to the vanilla Transformer
by OpenNMT (Klein et al., 2017) is mainly caused by the implementation difference in dataloading and beam search. It
implies that Retroformer can be further sped up by ef cient designs of the decoding algorithm.
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Table 8: Model complexity comparison. * means the model is built by OpenNMT.

vanilla* vanilla GTA* RetroPrime* Ours
#params 23.2M 23.2M 17.4M 75.4M 30.3M
sec/mol 0.17 0.47 0.59 2.18 0.48

D. Appendix: Qualitative Analysis, Atom Mapping

Since our model is trained to learn the token alignment between the source and the target SMILES, the predicted attention
can be easily converted to atom mapping. Different from the RXNMapper (Schwaller et al., 2021) that uses an additional
neighbor attention multiplier to calculate the atom mapping from the attention weights, we directly use the attention weights

to do the assignment while ignoring the molecular graphical structure. Note that it does not guarantee either the one-to-one
mapping from product atom to reactants atom or the equivalence of the mapped element. Figure 6(a) shows a success case
of the inferred atom mapping. Figure 6(b) shows a typical failure case. This assignment mistakenly aligns [O:11] with
[N:11]. The mistake is explainable since [HN:8] and [O:11] within the reactants are the exact position where chemical
transformation happens. Also, this naive atom mapping fails to assign the one-to-one mapping, which is also reasonable
because of the symmetry present in the second reactant.

(a) Success Case

(b) Failure Case

Figure 6: Sample Atom Mapping.

E. Appendix: Implementation Details

E.1. Appendix: Bond Features

Table 9 shows the bond features considered in the proposed Retroformer, more speci cally in the local-global encoder.

Table 9: Bond features.

Bond Feature Possible Values Size
Bond Type Single, Aromatic, Double, Triple 4
Aromatic True, False 1
Conjugated True, False 1
Part of Ring True, False 1

E.2. Appendix: SMILES Graph Construction

To ensure the alignment between the SMILES token and the atoms in graph, we expand the original molecuagraph
into the SMILES graplGsm by Algorithm 1. readSmiles(), getAtoms(), getNeighbors(), andwriteSmiles () are
functions supported in RDKit (rdk). The tagging procedure is to inform the connection relationship between SMILES
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tokens. Rewriting the tagged SMILES without canonicalization is to ensure that the SMILES syntax does not change after
the tagging.

Algorithm 1 SMILES Graph Construction

Input: molecule canonical SMILES
Initialize V as a token list of.
Initialize E as an empty set.
Initialize A as an empty list.
M =readSmiles(S)
for a; 2 getAtoms(M ) do
Assign tag #1 to the SMILES symbol &f.
for a; 2 getNeighborg(M; a;) do
Assign tag #2 to the SMILES symbol &f .
end for
Get the tagged SMILES® = writeSmiles (M, canonical=False)
Retrieve the token connectiong, .4 by the tagge®®and add them t& .
Retrieve the bond feature efy .4y and add them té.
end for
Output: V,E, A

E.3. Appendix: SMILES Token Alignment Computation

The ground truth token alignment between the product SMILES and the reactants SMILES is computed as Algorithm 2. The
algorithm takes the atom-mapped product and reactants as inputs. The computation works with both the canonical SMILES
and the permuted SMILES.

Algorithm 2 SMILES Token Alignment Computation

Input: atom-mapped product SMILES, and atom-mapped reactants SMILES
Initialize the token mapping dictionangs.
for s, 2 S do
if S, is not visited ands; is an atom tokerthen
Locate the tokessy, in S, with the same atom mapping numbersas am(sy, ) == am(sy, ).
while s, == s, oram(sp, ) == am(s;;) do
Add alignment relationshipi : jgintor2s.
Increment andj .
end while
end if
end for
forfi:jg2r2sdo
Decrement and;j .
while s;; == sp, ands;, is not an atom symbalo
Add alignment relationshipi : jgintor2s.
Decrement and; .
end while
end for
Output: r2s.

E.4. Appendix: Reaction Center Subgraph Search

Algorithm 3 shows the detailesearch reaction center subgraph search algorithm, and Figure 7 shows a visualization of its
procedure. In general, it searches for the candidate subgraphs (i.e., reaction centers) within the molecular graph via recursive
pruning. It adopts a set of hyperparameters to avoid searching over the entire subgraph space.
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Figure 7: Visualization of the reaction center subgraph search algorithm: (1) Predict raw atom and bond reactive probability
(i.e., reaction center detection); (2) Retrieve connected components based on the reactive probability; (3) Iterative pruning
with maxBranch = 3. The number represents the reactive probability of the pruned atom; (4) Retrieve and rank all the
candidate subgraphs (i.e. reaction centers); (5) Select the top-n diverse candidates from all subgraphs.

The reaction center subgraph search is done in multiple stages: First, the algorithm removes all nodes whose Prc(Si) < atom
and edges whose Prc(€ij) < bond, and retrieves all the connected components C from the edited graph. Second, for
each connected component ¢ = (V¢; E¢), the algorithm retrieves all its subgraphs and the corresponding reactive scores
via recursive pruning. The recursive pruning takes maxRootSize; minLeafSize; maxBranch as three arguments to
control its search space. If the number of nodes jV,j is larger than maxRootSize, then the algorithm directly removes
jVej  maxRootSize number of nodes with the lowest reactive scores. At each iteration, the algorithm considers nodes that
lie along the border of the current graph as pruning candidates to ensure that the pruned graph is still a connected graph.
maxBranch is the maximum branching factor of the recursive pruning. The algorithm first ranks the pruning candidates
by their atom reactive probability, and keeps only the top-maxBranch candidates for pruning. The recursion stops when
jVcj = minLeafSize. After all subgraphs are retrieved from a root connected component ¢, we rank them by their reactive
scores. Prior to the overall subgraph ranking, we remove all subgraphs (excluding the top-1 subgraph) that share at least two
common nodes with the top-1 subgraph to ensure the candidates’ diversity. At last, we gather the remaining subgraphs from
all the root connected components C and retrieve the top-n reaction center candidates by their reactive scores.

In our experiments, we set N = 3. Note that it only guarantees the maximum amount of reaction center candidates. We set

the temperature T = 10 to flatten the reactive probabilities Prc(S) and Pyc(€). As for atom and pond, instead of having a

fixed value, we dynamically set the two parameters as the ki and k& percentile of Py¢(S) and Py¢(€), respectively. Based

on the best validation performance, we set Ks = 40; ke = 40 for reaction class unknown setting, and ks = 40; ke = 55

for reaction class known setting;  is the parameter that controls the minLeafSize. For simplicity reason, we set
= 0:5; maxRootSize = 25; and maxBranch = 5.

The exact reactive score for a candidate subgraph G = (V; E) is computed as follow:



