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REVIEWER COMMENTS 

 

Reviewer #1 (Remarks to the Author): 

 

In this manuscript, the authors reframe retrosynthesis prediction as a molecular string editing task, 

drawing inspiration from the observation that chemical reactions typically induce local molecular 

changes. This observation leads to a significant overlap between the reactants and products involved 

in the reactions. Based on this insight, the authors propose a fragment-based generative editing 

model to address the problem. In general, the idea of iteratively refining the molecular strings is very 

interesting and pushs state-of-the-art results further. The details are adequately and properly 

presented, and the strengths and weaknesses of the model are thoroughly discussed. Overall, the 

problem presented in the work is well stated and is surely of scientific interest to both the Chemistry 

community and the AI community. 

 

1. In line 361, the EditRetro offers diverse synthetic solutions, and the authors show the diversity of 

two examples and quantitative evaluation of the generated results on the USPTO-50k dataset. This 

evaluation demonstrates that the predicted reactions from the model can still have synthetic value 

and feasibility, even though they are different from the ground truth reactions. However, I would like 

to point out that the USPTO-50k dataset is relatively small, consisting of only ten reaction classes. 

Therefore, I am curious whether the model can still exhibit promising diversity when applied to larger 

datasets, such as USPTO-full? 

 

2. In line 607, the Methods section, the authors provide a comprehensive description of the model, 

including the Jointly Masked Sequence-to-Sequence Pre-training, Edit-based Generative Model, Fine-

tuning Strategy, and inference module. However, certain sections, such as Algorithm 1 Learning for 

EditRetro, could be moved to the Supplementary Information for better clarity and organization. 

 

3. In line 234, the authors utilize the SMILES Pair Encoding (SPE) method as the tokenizer to generate 

human-readable and chemically interpretable SMILES substrings. I would like to know whether the 

method was trained by the authors using the USPTO dataset or if it was pre-trained and obtained 

from other studies? 

 

4. In line 273, the authors mention that they evaluate the model performance on the larger and 

more diverse USPTO-mit and USPTO-full datasets. I understand that the USPTO-full training set is 

used for the pre-training stage, but it is unclear how the results on the USPTO-full dataset are 

obtained. Was the model trained from scratch or was a pre-trained model used? The authors should 

clarify this point. 



 

5. Regarding the model architecture, each module, including the encoder and the decoders, is based 

on transformer blocks. However, I could not find any information about the classifier networks. The 

authors should provide the details about the classifier network. 

 

6. I guess that SMILES canonicalization and augmentation were performed using RDKit. However, I 

did not find any reference to RDKit in the manuscript. It would be helpful if the authors could clarify 

the use of RDKit for these tasks. 

 

 

Reviewer #2 (Remarks to the Author): 

 

In this interesting manuscript, Han and co-workers present a fragment-based generative editing 

retrosynthesis model, EditRetro. EditRetro contains many innovative elements that are not found in 

the currently available data-driven retrosynthesis models. The retrosynthesis task is cast in a 

reinforcement learning framework where an agent is trained to recover the reactant SMILES 

sequence through successive editing actions performed on the input product sequence. 3 main 

editing actions are distinguished: sequence reposition, i.e., reordering of the tokens/fragments, 

placeholder insertion and finally token insertion in these placeholders. Evaluating their trained 

model on the common benchmarking dataset for this task, USPTO-50K, the authors obtain top-1 and 

round-trip accuracies that outperform any of the currently available models by a significant margin. 

Next to the innovative elements and the excellent performance obtained, the manuscript is also 

clearly written, so I can recommend publication of this manuscript in Nature Communications. 

Nevertheless, there are a couple of minor issues that need to be addressed first in my opinion. 

 

My main concern has to do with the claims throughout the manuscript that the model is 

interpretable and operates in a similar fashion as chemists perform retrosynthesis on string-based 

molecular representations. It is fascinating to see the model breaking up the product string and make 

modifications in an iterative fashion, and I agree that this makes the process slightly less opaque than 

what happens in a regular transformer architecture. Nevertheless, equating this to how a chemist 

performs this task is a stretch to me. First and foremost, many fragments that are generated 

intermediately by the model have no chemical significance, i.e., no valid chemical formula can be 

drawn for them, underscoring that this is still a string-based machine learning model that is not 

"chemistry-aware". Secondly, there is quite some ambiguity in how the various actions are applied to 

the model. Examples of both of these issues can be found in Figure 2. In both panel B and C, many 

unparseable SMILES strings emerge (e.g. ccccc1), and in panel B for example, the CCCC fragment is 

first removed and then added again (and an extra -OH is attached), whereas in panel A, the Br is 

simply disconnected from the product and then an NBS is conneccted to this detached atom. This 



ambiguity in deleting and regenerating demonstrates that the model doesn't really reason in terms 

of synthons, which is how a chemist would reason about this in practice. 

 

To be clear, these issues do not diminish the value of this work; the technical ingenuity and 

performance of the model are truly impressive. I would however consider toning down some of the 

claims related to the model operating similar to how a chemist performs this task. Additionally, I 

would suggest that the authors modify Figure 2 somewhat. For readers with a chemistry background, 

it is deeply confusing upon a first read to see reaction schemes with invalid chemical formulas, i.e., 

unparseable SMILES strings. Not having regular reaction arrows in between the products and the 

invalid intermediate strings generated by the model would already help in this regard. Nevertheless, I 

leave it to the discretion of the authors to decide how they want to represent the internal process of 

the model graphically; they may have a better idea about how to distinguish this from a regular 

chemical reaction/retrosynthetic analysis. 

 

On p7 L267-268, the authors write: "upon further investigation, we observed a significant proportion 

of repetition in the augmented SMILES, which is not representative of real chemical structures.". This 

sentence is confusing to me. Why are repeated SMILES not representative of the real chemical 

structure? Some more explanation is needed here, or alternatively this sentence should be modified 

in my opinion. 

 

Finally, it may also be worth it to mention on p14 that "CAS SciFinder-n" is a new and improved 

version of "CAS SciFinder", e.g., by providing a link to the website -- I don't expect all readers to be 

aware that a new version of SciFinder has recently been released, and they may believe this to be a 

typo. 

 

 

 

Reviewer #3 (Remarks to the Author): 

 

The authors introduced EditRetro, a string-editing model for single-step retrosynthesis and reported 

improved performance. From my perspective, it is difficult to perceive the string-editing process over 

SMILES as chemically interpretable. Editing SMILES strings in retrosynthesis appears to be less 

straightforward than manipulating molecular 2D graphs. 

 

Below are some questions and suggestions regarding the current manuscript. 



 

Figure 1: The notation for the number of layers in Figure 1a and Figure 1b is inconsistent, and Figure 

1a may appear misleading at first glance, as it seems to depict multiple encoders. 

 

Line 171: How does the model enhance generation efficiency? The number of predicted tokens 

remains unchanged, and EditRetro incorporates additional decoders to iteratively predict editing 

actions. When compared to the standard Transformer-based approach, EditRetro appears to require 

significantly more time. The author should elaborate on this aspect. 

 

Line 177: Why and how does the model pretrain only the token decoder? Are the encoder 

parameters randomly initialized and frozen during pretraining? The author states that "this is more 

challenging," but it is unclear what this is being compared to. The author should provide more details 

to clarify this point. 

 

Line 196: How are candidate tokens collected? Is it possible that some ground truth tokens on test 

set are not covered by training data? 

 

Line 222: For pretraining, the author uses USPTO-full. Although molecules from test sets are 

excluded, some similar reactions exist during pretraining, which is unfair compared with other 

baselines on USPTO-50k and USPTO-MIT. I doubt that EditRetro has no performance gain on USPTO-

full, which is further confirmed in the Supplementary TableB3 (why the results of RSMILES are not 

included in TableB3). I suggest that the author conduct fair comparisons, e.g., on USPTO-50K, only 

using augmented data from 50K for pretraining, to see if we still have performance gain. This is very 

critical, otherwise all the results are not convincing. 

 

Line 250: How top-k predictions are obtained in your model? 

 

Line 299: What is N in RoungTrip(k)? Is RoungTrip a typo? 

 

Line 304: The authors claim that EditRetro effectively learns mechanisms due to its higher round-trip 

accuracy. However, this differs from the concept of "mechanism" within the context of organic 

chemistry. As such, the contribution may be overstated. 

 



Line 331: How does the iteration stop during inference? I found the answer in Line 694, every sample 

requires at least two iterations to stop. This approach may not be efficient and should be addressed 

in the limitations section. 

 

Line 422, Line 439, Line 470: I believe that the performance gain is primarily attributed to the 

pretraining data (USPTO-full) containing similar reactions. 

 

lines 492-504: When analyzing incorrect predictions, the authors present three examples in Figure 7. 

However, the SMILES in line 498 does not correspond to the structure in Figure 7b; the correct 

SMILES should be “Cc1ccc(S(=O)(=O)OS(=O)(=O)[N+](C)(C)C)cc1”. Additionally, the distinction 

between "implausible reaction" and "chemically infeasible reaction" is unclear, and I suggest 

renaming one of these categories. 

 

Other issues: A recent paper Single-step retrosynthesis prediction by leveraging commonly preserved 

substructures should be addressed in related work. 

 

 

 

 



Response to reviewers

Summary response to reviewers

Dear Reviewers,

We would like to express our sincere appreciation for your constructive comments and pos‐
itive feedback on our manuscript. The valuable suggestions have significantly improved the
quality of our work, and we have made every effort to address your concerns point by point.
In response to the comments, we have made numerous revisions to the original manuscript
and included supplementary results in the revised version. Additionally, we have provided
detailed responses to all of your comments, supported by additional figures and experimen‐
tal results. The main changes are summarized as follows.

1. Regarding the benchmarks and comparisons, we have added the evaluation of the
USPTO‐FULL dataset in the Supplementary Figure A3, as suggested by Reviewer #1.
The results demonstrate that EditRetro consistently demonstrates promising diversity
even on larger and more diverse reaction datasets. Furthermore, we have addressed
the paper titled ”Single‐step retrosynthesis prediction by leveraging commonly pre‐
served substructures” in the related work section, and we have included its results in
Supplementary Table B3, as recommended by Reviewer #3.

2. We agree with the assessments of Reviewer #2 that the model is a string‐based ma‐
chine learning model and is not chemistry‐aware. Furthermore, we concur with the
observations made by Reviewer #3 that the string editing process over SMILES is not
easily interpretable in a straightforward manner from a chemical perspective. To ad‐
dress their concerns, we have made several revisions. Firstly, we have modified the
paper title to ”Advancing Retrosynthesis Predictionwith Iterative EditingModel,” elim‐
inating any references to interpretability and placing greater emphasis on the iterative
editing aspect. Secondly, we have replaced the term ”Interpretability” with ”Iterative
Refinement” in the keywords section. In the abstract, we have rephrased the state‐
ment ”lacking chemical intuition and explanation for chemists and exhibiting limited
diversity” to ”exhibiting unsatisfactory performance and limited diversity,” thereby
toning down the claims of interpretability. Furthermore, we have renamed the sub‐
section previously titled ”EditRetro provides an interpretable reasoning process” to
”Visualization of reasoning process.” Additionally, we have removed the paragraph
discussing interpretability in the Discussion Section and made revisions to other rele‐
vant descriptions that previously placed emphasis on interpretability.
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3. Based on the suggestions from Reviewer #3, we have made improvements to Fig‐
ure 6 by incorporating additional descriptions and experimental results. These analy‐
sis demonstrate that our iterative edit‐basedmodel can achieve superior performance
when trained from scratch. Furthermore, the designed pre‐training scheme can effec‐
tively train the model and enhance its performance, especially when applied to pre‐
training on the more diverse USPTO‐FULL dataset. To provide a clearer understanding
of the time requirements and efficiency of ourmodel, we have providedmore detailed
information and included quantitative inference latency in Supplementary Table B5.

We hope that our revised manuscript has addressed all the concerns, and we are confident
that the improvements we have made have substantially enhanced the quality of our work.
Once again, we appreciate your time and effort in reviewing our manuscript. Please find
detailed responses to each concern below.
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Reviewer #1 (Remarks to the Author):

In this manuscript, the authors reframe retrosynthesis prediction as a molecular string edit‐
ing task, drawing inspiration from the observation that chemical reactions typically induce
local molecular changes. This observation leads to a significant overlap between the reac‐
tants and products involved in the reactions. Based on this insight, the authors propose a
fragment‐based generative editing model to address the problem. In general, the idea of it‐
eratively refining the molecular strings is very interesting and pushs state‐of‐the‐art results
further. The details are adequately and properly presented, and the strengths and weak‐
nesses of the model are thoroughly discussed. Overall, the problem presented in the work
is well stated and is surely of scientific interest to both the Chemistry community and the AI
community.

Response: Thank you for your positive feedback on our work.

1. In line 361, the EditRetro offers diverse synthetic solutions, and the authors show the
diversity of two examples and quantitative evaluation of the generated results on theUSPTO‐
50k dataset. This evaluation demonstrates that the predicted reactions from the model can
still have synthetic value and feasibility, even though they are different from the ground
truth reactions. However, I would like to point out that the USPTO‐50k dataset is relatively
small, consisting of only ten reaction classes. Therefore, I am curious whether the model
can still exhibit promising diversity when applied to larger datasets, such as USPTO‐full?

Response: Thank you very much for your constructive comments and valuable suggestions.
We have conducted the evaluation of diversity on the larger USPTO‐FULL dataset as shown
in Fig. 1. The result shows that EditRetro continues to exhibit promising diversity on larger
and more diverse reaction datasets. We have included the figure in Supplementary Figure
A4 and the analysis in Line 414 of the manuscript as follows:

“Wealso evaluated the diversity of the predictive outcomes on the largerUSPTO‐FULL dataset,
as demonstrated in Supplementary Figure A3. The result shows that EditRetro continues to
exhibit promising diversity on larger and more diverse reaction datasets.”
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Figure 1: Cluster analysis of predicted reactants on the USPTO‐FULL test set. The values displayed
above the bars indicate the average similarity of the predicted reactants in the cluster, with lower
values indicating higher diversity among the predicted reactants. The predictions in the first three
clusters demonstrate high diversity, as they exhibit lower similarities (0.25, 0.33, 0.38, and 0.42) and
account for approximately 33% of the test set. The predictions in the middle three clusters show
medium diversity, with average similarities of 0.48, 0.52, and 0.57, accounting for nearly 45% of the
test set. On the other hand, the predictions in the last three clusters are considered to have relatively
low diversity, as they exhibit higher similarities (0.62, 0.67, and 0.74) and account for approximately
22% of the test set. These results demonstrate that EditRetro continues to exhibit promising diversity
on larger and more diverse reaction datasets.

2. In line 607, theMethods section, the authors provide a comprehensive description of the
model, including the Jointly Masked Sequence‐to‐Sequence Pre‐training, Edit‐based Gener‐
ative Model, Fine‐tuning Strategy, and inference module. However, certain sections, such
as Algorithm 1 Learning for EditRetro, could be moved to the Supplementary Information
for better clarity and organization.

Response: Thank you for your valuable suggestion. We have moved the Algorithm 1 to
Supplementary Information C.3, titled ’Learning Algorithm for EditRetro,’ to enhance clarity
and organization. And we have revised the original sentence in the manuscript as follows:

“The detailed learning algorithm is shown in Supplementary Information C.3 Learning algo‐
rithm for EditRetro.”

3. In line 234, the authors utilize the SMILES Pair Encoding (SPE) method as the tokenizer to
generate human‐readable and chemically interpretable SMILES substrings. I would like to
know whether the method was trained by the authors using the USPTO dataset or if it was
pre‐trained and obtained from other studies?
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Response: Thank you for your comments. We utilized the SPE tokenizer pre‐trained on the
ChEMBL dataset, as employed in [8]. We have included more description about the SPE
tokenizer in the manuscript as follows:

“We utilized the SPE tokenizer pre‐trained on the ChEMBL dataset, as employed in [42], for
this study.”

4. In line 273, the authors mention that they evaluate the model performance on the larger
and more diverse USPTO‐mit and USPTO‐full datasets. I understand that the USPTO‐full
training set is used for the pre‐training stage, but it is unclear how the results on the USPTO‐
full dataset are obtained. Was the model trained from scratch or was a pretrained model
used? The authors should clarify this point.

Response: Thank you for the comments. We conducted fine‐tuning on the training set of
USPTO‐FULL, starting from the pre‐trained model that was used on the other two datasets.
This approach is utilized in the baseline R‐SMILES [19]. We have included a description on
how to obtain the results on the USPTO‐FULL dataset in the subsection titled “EditRetro
Generates More Accurate Reactants” in the manuscript as follows:

“Following R‐SMILES [26], on the USPTO‐FULL dataset, we conducted fine‐tuning on the
original training set, starting from the pre‐trained model that was used on the other two
datasets.”

5. Regarding the model architecture, each module, including the encoder and the decoders,
is based on transformer blocks. However, I could not find any information about the classifier
networks. The authors should provide the details about the classifier network.

Response: Thank you for the suggestion. We have included a description of the classifier
networks in the “Model and Training Configurations” section in the manuscript as follows:

“The reposition classifier is implemented as the dot product between the i‐th hidden state hi

and each input token embedding ej or the deletion vector b, followed by a softmax function.
Additionally, both the placeholder classifier and token classifier are implemented using a
linear layer followed by a softmax function.”

6. I guess that SMILES canonicalization and augmentationwere performedusing RDKit. How‐
ever, I did not find any reference to RDKit in the manuscript. It would be helpful if the au‐
thors could clarify the use of RDKit for these tasks.

Response: Thank you for the suggestion. We have added the reference to RDKit [7] in the
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“Datasets and data preprocessing” section in the manuscript.

“In this study, we performed SMILES canonicalization and augmentation using RDKit [45].”

Reviewer #2 (Remarks to the Author):

In this interesting manuscript, Han and co‐workers present a fragment‐based generative
editing retrosynthesis model, EditRetro. EditRetro contains many innovative elements that
are not found in the currently available data‐driven retrosynthesis models. The retrosynthe‐
sis task is cast in a reinforcement learning framework where an agent is trained to recover
the reactant SMILES sequence through successive editing actions performed on the input
product sequence. 3 main editing actions are distinguished: sequence reposition, i.e., re‐
ordering of the tokens/fragments, placeholder insertion and finally token insertion in these
placeholders. Evaluating their trained model on the common benchmarking dataset for this
task, USPTO‐50K, the authors obtain top‐1 and round‐trip accuracies that outperform any of
the currently available models by a significant margin. Next to the innovative elements and
the excellent performance obtained, the manuscript is also clearly written, so I can recom‐
mend publication of this manuscript in Nature Communications. Nevertheless, there are a
couple of minor issues that need to be addressed first in my opinion.

Response: Thank you for your positive feedback on our work.

My main concern has to do with the claims throughout the manuscript that the model is
interpretable and operates in a similar fashion as chemists perform retrosynthesis on string‐
based molecular representations. It is fascinating to see the model breaking up the product
string andmakemodifications in an iterative fashion, and I agree that this makes the process
slightly less opaque than what happens in a regular transformer architecture. Nevertheless,
equating this to how a chemist performs this task is a stretch to me. First and foremost,
many fragments that are generated intermediately by the model have no chemical signifi‐
cance, i.e., no valid chemical formula can be drawn for them, underscoring that this is still a
string‐based machine learning model that is not ”chemistry‐aware”. Secondly, there is quite
some ambiguity in how the various actions are applied to the model. Examples of both of
these issues can be found in Figure 2. In both panel B and C, many unparseable SMILES
strings emerge (e.g. ccccc1), and in panel B for example, the CCCC fragment is first removed
and then added again (and an extra ‐OH is attached), whereas in panel A, the Br is simply
disconnected from the product and then an NBS is connected to this detached atom. This
ambiguity in deleting and regenerating demonstrates that the model doesn’t really reason
in terms of synthons, which is how a chemist would reason about this in practice.
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Response: Thank you for your comments. We acknowledge that ourmodel is a string‐based
machine learning model and lacks inherent “chemistry‐awareness.” We have also identified
cases where ambiguity arises in the deletion and regeneration processes. Our analysis in‐
dicates that this is primarily due to the SPE tokenization method, which is data‐driven and
well‐suited for machine learning models. However, it is worth noting that while the method
captures commonly used substructures, it also includes some unparsable substrings in its
vocabulary. We have discussed the limitation of the SPE tokenizer in the subsection of “Lim‐
itations of the study”.

“Firstly, an advanced fragmentation method such as Group SELFIES [2] is required to ob‐
tain more robust and chemically explainable molecular substructures. We found that some
substructures obtained by SMILES pairing encoding are not chemically explainable, making
the editing process less clear. Additionally, the size of the fragments must be considered
as atom‐wise editing can be computationally expensive, while excessively large fragments
may be not chemically explainable. One possible solution is to combine the SMILES pairing
encoding method with advanced sequence alignment methods, such as those used in [14],
to obtain more chemically reasonable substructures.”

To be clear, these issues do not diminish the value of this work; the technical ingenuity and
performance of the model are truly impressive. I would however consider toning down
some of the claims related to the model operating similar to how a chemist performs this
task.

Response: Thank you for your valuable suggestion. We have revised themanuscript to tone
down the claims related to the model operating similar to how a chemist performs this task.
The main changes made include:

[1] We have renamed the paper title to “Advancing Retrosynthesis Prediction with Iter‐
ative Editing Model”, removing the mention of interpretability and emphasizing the
iterative editing aspect.

[2] We have replaced the term “Interpretability” with “Iterative Refinement” in the key‐
words.

[3] We have revised the phrase “lacking chemical intuition and explanation for chemists
and exhibiting limited diversity” to “exhibiting unsatisfactory performance and limited
diversity” in the abstract.

[4] We have renamed the subsection “EditRetro provides an interpretable reasoning pro‐
cess” to “Visualization of reasoning process”.

[5] We have removed the paragraph discussing interpretability in the Discussion Section
and made revisions to other related descriptions concerning interpretability.
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We hope that these changes address your concerns regarding the claims about the model’s
interpretability and its resemblance to the way chemists perform retrosynthesis on string‐
based molecular representations.

Additionally, I would suggest that the authors modify Figure 2 somewhat. For readers with
a chemistry background, it is deeply confusing upon a first read to see reaction schemes
with invalid chemical formulas, i.e., unparseable SMILES strings. Not having regular reac‐
tion arrows in between the products and the invalid intermediate strings generated by the
model would already help in this regard. Nevertheless, I leave it to the discretion of the
authors to decide how they want to represent the internal process of the model graphi‐
cally; they may have a better idea about how to distinguish this from a regular chemical
reaction/retrosynthetic analysis.

Response: Thank you for your valuable suggestions. We have revised Figure 2 based on
your suggestions to replace the regular reaction arrows with the operation name accompa‐
nied by a V‐shaped arrow. We hope that this modification will help alleviate any potential
confusions.

Product： CCOC(=O)c1nn(-c2ccc(Cl)cc2Cl)c(-c2ccc(OC)cc2)c1CBr

Reactants： CCOC(=O)c1nn(-c2ccc(Cl)cc2Cl)c(-c2ccc(OC)cc2)c1C        O=C1CCC(=O)N1Br

Iteration 1

Initial input product: CCOC(=O)c1nn(-c2ccc(Cl)cc2Cl)c(-c2ccc(OC)cc2)c1CBr

Reposition prediction: CCOC(=O)  c1n  n(-c2ccc(  Cl)cc2Cl)  c(- c2ccc(OC)cc2)  c1C  Br

Placeholder prediction:

Token prediction: CCOC(=O)  c1n  n(-c2ccc(  Cl)cc2Cl)  c(- c2ccc(OC)cc2)  c1C  . Br  N1C(=O) CC C1=O

Delete

Placeholder Token

No further actions: [Terminate]

Smiles pair encoding: CCOC(=O)  c1n  n(-c2ccc(  Cl)cc2Cl)  c(- c2ccc(OC)cc2)  c1C  Br

Output: Rank-1(Ground-truth)

CCOC(=O)  c1n  n(-c2ccc(  Cl)cc2Cl)  c(- c2ccc(OC)cc2)  c1C <plh> Br <plh> <plh> <plh>

CCOC(=O)c1nn(-c2ccc(Cl)cc2Cl)c(-c2ccc(OC)cc2)c1C.O=C1CCC(=O)N1Br

a

𝑷 = 𝟎. 𝟗𝟖

[No Operation]

Concatenation and canonicalization

Product： CCCCOC(=O)C=Cc1ccccc1 Reactants： Brc1ccccc1      C=CC(=O)OCCCC

Iteration 1

Initial input product: CCCCOC(=O)C=Cc1ccccc1

Reposition prediction: CCCC OC(=O)  C=C  c1ccccc1

Placeholder prediction:

Token prediction: CCCCO . OC(=O)  C=C  c1ccccc1

No further actions: [Terminate]

Smiles pair encoding: CCCC OC(=O) C=C c1ccccc1

Output:

<plh> <plh> OC(=O) C=C c1ccccc1

CCCCO.O=C(O)C=Cc1ccccc1

b

Rank−1

Concatenation and canonicalization

c1(C=CC(=O)OCCCC)ccccc1

c1( ccccc1 C=  CC(=O)O CCCC)

c1(Br) ccccc1 . C=  CC(=O)O  CCCC

c1(  C=  CC(=O)O  CCCC)  ccccc1

<plh> ccccc1 <plh> C=  CC(=O)O <plh>

Reorder

Brc1ccccc1.C=CC(=O)OCCCC Rank-2(Ground-truth)

Product： N#Cc1ccc2[nH]c3c(c2c1)CC(OC(=O)c1ccccc1)CC3

Reactants： N#Cc1ccc(NN)cc1      O=C1CCC(OC(=O)c2ccccc2)CC1

Iteration 1

Initial input product: N#Cc1ccc2[nH]c3c(c2c1)CC(OC(=O)c1ccccc1)CC3

Reposition prediction: N# Cc1cc c2[nH] c3c( c2c1) CC(  OC(=O)  c1ccccc1)  CC3

Placeholder prediction:

Token prediction: N# N N)cc1 . C1(=O) CC(  OC(=O)  c1ccccc1)  CC1

No further actions: [Terminate]

Smiles pair encoding: N#  Cc1cc  c2[nH]  c3c(  c2c1)  CC(  OC(=O)  c1ccccc1)  CC3

Output: Rank-2(Ground-truth)

<plh> <plh> <plh> <plh> <plh> CC(  OC(=O)  c1ccccc1) <plh>

N#Cc1ccc(NN)cc1.O=C1CCC(OC(=O)c2ccccc2)CC1

c

𝑷 = 𝟎. 𝟖𝟔

Concatenation and canonicalization

Iteration 2

Reposition prediction:

Placeholder prediction:

Token prediction:

N# N  N)cc1 . C1(=O)  CC( OC(=O)  c1ccccc1) CC1

<plh> N  N)cc1 . C1(=O)  <plh> OC(=O)  <plh> CC1

N#Cc1ccc( N  N)cc1 . C1(=O)  CCC( OC(=O)  c2ccccc2) CC1

ccccc1

N#  

N  

N)cc1

Placeholder

Token
Reposition

Reposition
Placeholder

Token

Reposition
Placeholder

Token

Iteration 1 Iteration 2
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On p7 L267‐268, the authors write: ”upon further investigation, we observed a significant
proportion of repetition in the augmented SMILES, which is not representative of real chem‐
ical structures.”. This sentence is confusing tome. Why are repeated SMILES not representa‐
tive of the real chemical structure? Some more explanation is needed here, or alternatively
this sentence should be modified in my opinion.

Response: We apologize for any confusion caused by the sentence. In our study, we initially
performed 20 augmentations for each molecule following R‐SMILES. However, during this
process, we observed instances of duplicated augmented SMILES. Taking the molecule in
Table 1 as an example, weobserved that out of the 20 augmentations, only 10 unique SMILES
were generated. This presence of duplicate SMILES can potentially introduce bias during
both themodel training and inference processes. To address this issue, wedecided to reduce
the number of augmentations to 10 for each molecule. We have modified this sentence in
the manuscript as follows:

“However, we observed many instances of duplicated augmented SMILES when performing
20 augmentations, which can potentially introduce bias during both the model training and
inference processes.”

Table 1: An example of 20 augmentations performed on a target molecule. The same color indicates
the same SMILES.

Target molecule: Clc1cc(Cl)c(CBr)cn1

Clc1cc(Cl)c(CBr)cn1 BrCc1cnc(Cl)cc1Cl C(Br)c1cnc(Cl)cc1Cl c1(CBr)cnc(Cl)cc1Cl
c1nc(Cl)cc(Cl)c1CBr n1cc(CBr)c(Cl)cc1Cl c1(Cl)cc(Cl)c(CBr)cn1 Clc1cc(Cl)c(CBr)cn1
c1c(Cl)ncc(CBr)c1Cl c1(Cl)cc(Cl)ncc1CBr Clc1cc(Cl)ncc1CBr Clc1cc(Cl)c(CBr)cn1
c1c(Cl)ncc(CBr)c1Cl n1cc(CBr)c(Cl)cc1Cl C(Br)c1cnc(Cl)cc1Cl Clc1cc(Cl)c(CBr)cn1
BrCc1cnc(Cl)cc1Cl C(Br)c1cnc(Cl)cc1Cl c1c(Cl)ncc(CBr)c1Cl Clc1cc(Cl)c(CBr)cn1

Finally, it may also be worth it to mention on p14 that ”CAS SciFinder‐n” is a new and im‐
proved version of ”CAS SciFinder”, e.g., by providing a link to the website – I don’t expect
all readers to be aware that a new version of SciFinder has recently been released, and they
may believe this to be a typo.

Response: Thank you for your valuable suggestion. We have added the link to the CAS
SciFinder‐n website “https://scifinder‐n.cas.org/” in the manuscript.
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Reviewer #3 (Remarks to the Author):

The authors introduced EditRetro, a string‐editing model for single‐step retrosynthesis and
reported improved performance. From my perspective, it is difficult to perceive the string‐
editing process over SMILES as chemically interpretable. Editing SMILES strings in retrosyn‐
thesis appears to be less straightforward than manipulating molecular 2D graphs.

Response: Thank you for your comments. We acknowledge that it is difficult to perceive
the string‐editing process over SMILES as chemically interpretable. We have made several
changes to address your concerns. The main changes made include:

[1] We have renamed the paper title to “Advancing Retrosynthesis Prediction with Iter‐
ative Editing Model”, removing any mention of interpretability and placing more em‐
phasis on the iterative editing aspect.

[2] We have replaced the term “Interpretability” with “Iterative Refinement” in the key‐
words.

[3] We have revised the phrase “lacking chemical intuition and explanation for chemists
and exhibiting limited diversity” to “exhibiting unsatisfactory performance and limited
diversity” in the abstract.

[4] We have renamed the subsection “EditRetro provides an interpretable reasoning pro‐
cess” to “Visualization of reasoning process”.

[5] We have removed the paragraph discussing interpretability in the Discussion Section
and made revisions to other related descriptions concerning interpretability.

Wehope that thesemodifications address your concerns regarding the interpretability claims
of our model.

10



Below are some questions and suggestions regarding the current manuscript.

Figure 1: The notation for the number of layers in Figure 1a and Figure 1b is inconsistent,
and Figure 1a may appear misleading at first glance, as it seems to depict multiple encoders.

Response: Thank you for the suggestion. To enhance clarity and improve overall understand‐
ing, we have removed the notation in Figure 1a to maintain consistency between Figure 1a
and 1c. And we retained the notation for the number of layers in Figure 1b.
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Line 171: How does the model enhance generation efficiency? The number of predicted
tokens remains unchanged, and EditRetro incorporates additional decoders to iteratively
predict editing actions. When compared to the standard Transformer‐based approach, Ed‐
itRetro appears to require significantly more time. The author should elaborate on this as‐
pect.

Response: Thank you for your comments. Ourmodel enhances generationefficiency through
its non‐autoregressive decoders. Although EditRetro incorporates additional decoders to
iteratively predict editing actions, it performs editing actions in parallel within each de‐
coder (i.e., non‐autoregressive generation). For instance, in the token decoder, candidate
tokens within each position are generated in parallel, irrespective of the sequence length.
Therefore, the number of generation steps in our model is equal to the number of iter‐
ations multiplied by three (three decoders in each iteration). In traditional Transformer‐
based approaches, reactant SMILES are generated using a token‐by‐token auto‐regressive
decoding method, where the number of generation steps is equal to the length of the se‐
quence. In this work, we reframe retrosynthesis prediction as a molecular string editing
task. Our method achieves the generation of reactants by iteratively editing the interme‐
diate sequence, starting from the target molecular SMILES instead of starting from scratch.
Unlike traditional Transformer‐based approaches, which require predicting all the tokens of
the reactant SMILES, our model typically predicts fewer tokens overall.

To further address your concerns, we have quantified the decoding speed by measuring the
latency per molecule, as demonstrated in Table 2. It is calculated as the average time (in
milliseconds (ms)) required to predict the output of one molecule in the test set using a
batch size of one on one NVIDIA GeForce RTX 2080 ti GPU (excluding the model loading
time). The results clearly indicate that EditRetro exhibits higher efficiency compared to R‐
SMILES, which is based on the traditional Transformer architecture. We have includedmore
details in the manuscript.

“Our model enhances generation efficiency through its non‐autoregressive decoders. Al‐
though incorporating additional decoders to iteratively predict editing actions, EditRetro per‐
forms editing actions in parallel within each decoder (i.e., non‐autoregressive generation).”

Table 2: The inference latency of EditRetro and R‐SMILES.

Method Latency (ms)

R‐SMILES 292.1
EditRetro 177.4
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Line 177: Why and how does the model pretrain only the token decoder? Are the encoder
parameters randomly initialized and frozen during pretraining? The author states that ”this
is more challenging,” but it is unclear what this is being compared to. The author should
provide more details to clarify this point.

Response: Thank you for the suggestion. In the pretraining stage, the encoder and token
decoder are simultaneously trained using the jointly masked sequence‐to‐sequence pre‐
training framework, as shown in Figure 1a. This framework appliesmasked languagemodels
to both the encoder and token decoder, allowing for the concurrent updating of their param‐
eters. The decision to specifically focus on training only the token decoder among the three
decoders during the pretraining process is primarily motivated by the challenge of achieving
satisfactory performance for the token decoder. This difficulty is predominantly attributed
to the larger output space, namely, the size of the candidates collection. We have revised
the sentence to clarify this point in the manuscript as follows:

“Note that we only pre‐train the token decoder among the three decoders due to the chal‐
lenge of achieving satisfactory performance for the token decoder. This difficulty is predom‐
inantly attributed to the larger output space, namely, the size of the candidates collection
(i.e., 3,136 on the USPTO‐50K dataset in our study).”

Line 196: How are candidate tokens collected? Is it possible that some ground truth tokens
on test set are not covered by training data?

Response: Thank you for your comments. The candidate tokens are obtained using SMILES
Pair Encoding (SPE) tokenizer, which draws inspiration from byte‐pair encoding (BPE) [12]
commonly used in natural language processing. The process begins by learning a set of
frequently occurring SMILES substrings from a large chemical dataset, such as ChEMBL 1.
Subsequently, SMILES are tokenized based on the learned set, enabling their utilization in
deep learning models. In our study, we employ a pre‐trained SPE tokenizer on ChEMBL to
tokenize the molecular SMILES present in the training set and generate the candidate token
vocabulary. To illustrate the difference, we showcase the output of both the commonly
used atom‐level tokenizer and the SPE tokenizer for a molecule in Table 3. The atom‐level
tokenizer yields a vocabulary size of 72, whereas the SPE tokenizer results in a vocabulary
size of 3,136 on the USPTO‐50K training set. The SPE vocabulary can be broadly regarded as
a combination of the output of an atom‐level tokenizer and commonly used substrings.

Regarding your concerns, it is possible that certain ground truth tokens in the test set are
not covered by the training data, leading to what is known as the Out‐of‐vocabulary (OOV)
problem in machine learning. To address this, we employ a common solution by utilizing a

1https://www.ebi.ac.uk/chembl/
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Table 3: An example of the output of different tokenizers.

Tokenizer CC[N+](C)(C)Cc1ccccc1Br

Atom_level [C, C, [N+], (, C, ), (, C, ), C, c, 1, c, c, c, c, c, 1, Br]
SPE [CC, [N+](C), (C)C, c1ccccc1, Br]

special token, “<unk>”, to replace the OOV tokens. However, it is worth noting that we did
not encounter any instances of OOV tokens in our experimental datasets.

Line 222: For pretraining, the author uses USPTO‐full. Although molecules from test sets
are excluded, some similar reactions exist during pretraining, which is unfair compared with
other baselines on USPTO‐50k and USPTO‐MIT. I doubt that EditRetro has no performance
gain on USPTO‐full, which is further confirmed in the Supplementary TableB3 (why the re‐
sults of RSMILES are not included in TableB3). I suggest that the author conduct fair compar‐
isons, e.g., on USPTO‐50K, only using augmented data from 50K for pretraining, to see if we
still have performance gain. This is very critical, otherwise all the results are not convincing.

Response: Thank you for your comments. In our study, inspired by R‐SMILES [19], dur‐
ing the pretraining stage, the reactions from the training set of USPTO‐FULL are utilized for
self‐supervised training, where molecules from the test sets of USPTO‐50K and USPTO‐MIT
are excluded. Additionally, the baseline model PMSR [6] follows a similar approach by pre‐
training the model on Pistachio [9] using three carefully designed pre‐training tasks. Subse‐
quently, the model is fine‐tuned on USPTO‐50K and USPTO‐FULL. Both of these baselines,
particularly the PMSR, achieved superior performance using the pre‐training and fine‐tuning
scheme.

To address your concerns, we have followed your suggestions and used augmented training
data from the USPTO‐50K for pretraining. Furthermore, we have trained the model from
scratch using the augmented training set of USPTO‐50K. From Fig. 2 we canmake the follow‐
ing observations:

[1] Even when trained from scratch, our model achieves satisfactory performance, sur‐
passing all baselines except for PMSR, with a notable top‐1 accuracy of 57.7%. This
demonstrate the effectiveness of our iterative edit‐based model for retrosynthesis
prediction.

[2] By utilizing the same training data of USPTO‐50K for the pre‐training and fine‐tuning
scheme, we have observed a further improvement in the model’s performance, with
the top‐10 accuracy increasing from 82.6% to 85.1%. This demonstrates the effec‐
tiveness of the designed pre‐training tasks to learn the chemical rules and help train

14



model effectively.
[3] Utilizing the larger training set of USPTO‐FULL to pre‐train our model has resulted in

further improvements in its performance. This demonstrates that the inclusion of a
more diverse dataset aids the model in better learning chemical rules.

These results indicate that the jointly masked sequence‐to‐sequence pre‐training scheme
enables the model to more effectively capture the underlying patterns and relationships
within the SMILES representation from a vast corpus of chemical data. By leveraging this
pre‐training knowledge, the model demonstrates improved generalization capabilities and
achieves more accurate predictions during the fine‐tuning phase.
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Figure 2: An analysis of the effects of the pre‐training scheme. The jointly masked sequence‐to‐
sequence pre‐training scheme can help model better learn chemical rules and ultimately improve
the accuracy.

Following your suggestions, we have included the results of R‐SMILES [19] and PMSR [6] on
the USPTO‐FULL dataset in Table B3 of the Supplementary Information. Furthermore, we
have updated our results on the USPTO‐FULL dataset by continuing the fine‐tuning of our
model from 300K to 500K updates, aligning with the setting used in R‐SMILES. From Table 5,
it is evident that our model achieves competitive performance among all methods.

We have renamed the section titled “Sequence augmentation, Pre‐training, and SMILES Pair
Encoding can significantly improvemodel performance” to “Analysis of the effects of SMILES
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Pair Encoding and Pre‐training scheme”. Additionally, we have replaced the original Figure 6
with two separate figures to clearly illustrate the effects of the SPE tokenizer and pre‐training
scheme. We have also revised the analysis in the manuscript. We hope that these analyses
will address your concerns regarding the performance gain.

Table 4: Top‐k exact match accuracy on the USPTO‐FULL dataset with reaction class unknown. The
best performance in each category is in bold.

Model
Top‐k accuracy (%)

1 3 5 10
Template‐Based
RetroSim [3] 32.8 ‐ ‐ 56.1
NeuralSym [11] 35.8 ‐ ‐ 60.8
GLN [4] 39.3 ‐ ‐ 63.7
LocalRetro [1] 39.1 53.3 58.4 63.7
Semi‐Template‐Based
RetroPrime [17] 44.1 ‐ ‐ 68.5
Template‐Free
MEGAN [10] 33.6 ‐ ‐ 63.9
Graph2SMILES [16] 45.7 ‐ ‐ 63.4
GTA [13] 46.6 ‐ ‐ 70.4
Aug.Transformer [15] 46.2 ‐ ‐ 73.3
Graph2Edits [18] 44.0 60.9 66.8 72.5
R‐SMILES [19] 48.9 66.6 72.0 76.4
PMSR [6] 45.5 60.9 65.5 70.1
EditRetro(Ours) 49.0 62.6 66.2 69.4
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Line 250: How top‐k predictions are obtained in your model?

Response: Thank you for your comments. Regarding the partially auto‐regressive architec‐
ture of our model, the application of the commonly used beam search algorithm to gener‐
ate the top‐k predictions is not feasible. Therefore, we have designed an inference module
specifically tailored for our model.

Given that the prediction at each position of an input sequence is independent in each de‐
coder, it becomes challenging to identify multiple promising output sequences. Therefore,
we have developed reposition sampling as a solution to generate multiple predictions as
shown in Figure 3. Specifically, in the reposition decoder, this strategy first selects the best
prediction at each position to form the initial output sequence. It then samples predictions
to create additional output sequences. In our study, we choose a specific portion of the po‐
sitions in the initial output sequence and replace them with sampled predictions, resulting
in the creation of other sequences. Here we denote the number of outputs in the reposition
decoder as kr. In the subsequent placeholder decoder, we select the best prediction at each
position for each input sequence, resulting in kr output sequences. Then, in the token de‐
coder, we retain the best kt predictions at each placeholder to form the output sequences.
This process yields a total of k = kr × kt predictions for an input molecule. Note that in
cases where multiple iterations are required to iteratively refine the predictions, we only
apply reposition sampling during the first iteration. In subsequent iterations, we select the
best prediction at each position in all decoders. Finally, we ranked the predictions based
on their probabilities in the token decoder, which we refer to as the local ranking. In our
study, we set the values of kr and kt to 5 and 2, respectively, to generate the top‐10 predic‐
tions. We have included a figure, Fig. A1, in the Supplementary Information to illustrate the
reposition sampling process.

Inspired by Augmented Transformer [15] and R‐SMILES [19], during the inference process
on the validation and test data, we input multiple SMILES representations of a molecule in‐
dividually and obtain multiple sets of outputs accordingly. Tetko et al. [15] demonstrated
that the frequency of predicted SMILES could be utilized as a confidencemetric for retrosyn‐
thesis prediction. Subsequently, after converting all the outputs to canonical SMILES, we
uniformly score these outputs using the following approach as in [15, 19]:

score(Pred) =
aug.∑
n=1

topk∑
k=1

δ (Pred,GT)

1 + α× (k − 1)

where “Pred” is the generated result and “GT” is the ground‐truth SMILES. δ will output 1
if the generated SMILES is identical to the target. α is the weighing hyper‐parameter. “aug”
is the number of augmented SMILES and “topk” is the number of predictions generated by
one input SMILES. After applying uniform scoring, we can select the outputs with the top‐K
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scores as the final result. Figure 4 illustrates the workflow of the inference module. Note
that this approach is unique to sequence‐based methods, and we adopt the experimental
settings of the strong baseline R‐SMILES for a fair comparison.

COc1cc( C(=O)N(C) OC) ccc1 - n1cn c(C)c1

COc1cc( ccc1 - n1cn c(C)c1

Reposition Decoder

Placeholder Decoder

Token Decoder

COc1cc(C(=O)N(C)OC)ccc1-n1cnc(C)c1

C(=O)N(C) OC)

COc1cc( <plh> ccc1 - n1cn c(C)c1 <plh> <plh> <plh>

COc1cc( C(=O)O) ccc1 - n1cn c(C)c1 . N(C) OC

COc1cc( C(=O)OC) ccc1 - n1cn c(C)c1 N(C)C OC)

<plh>  C(=O)N(C) OC) <plh>  <plh> <plh> <plh> <plh> <plh>

COc1cc( C(=O)N(C) OC) ccc1 I . [nH]1 cn c(C)c1

COc1ccc( C(=O)N(C) OC) ccc1O Br cn =O . C(C)=O

Placeholder Decoder

Token Decoder

SPE Tokenization

Select the best prediction at each position Sample predictions at each position

Select the best prediction at each placeholder

Select the second-best prediction at each placeholder

Figure 3: Theworkflowof reposition sampling. In this example, we set kr = 2 and kt = 2 to generate
four predictions. (a) In the reposition decoder, we select the best prediction at each position to form
the first output sequence. Additionally, we sample predictions at each position to form other output
sequences. (b) In the placeholder decoder, we select the best prediction at each position to form
one output sequence for an input sequence. (c) In the token decoder, we select the best prediction
at each placeholder to form the first output sequence. Additionally, we select the second‐best pre‐
diction at each placeholder to form the second output sequence, and so on. We omit the encoder in
the example and only illustrate the decoders. It is important to note that reposition sampling is only
applied in the first editing iteration. In the following iterations, we select the best prediction at each
position in all decoders.
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Figure 4: The workflow of the inference module with reposition sampling and data augmentation.
In this example, we apply 3x SMILES augmentation, set kr = 2 and kt = 2 in reposition sampling
to generate four predictions for each input sequence, and select the final top four predictions. (a)
Sequence augmentation selects different starting atoms and direction of the molecular graph enu‐
meration to generate variants of the canonical SMILES. We always set the canonical SMILES as the
first input. (b) Reposition sampling generates multiple outputs for an input SMILES. (c) Local ranking
ranks candidate sequences from the same input based on their probabilities. (d) In global ranking,
each sequence is initially assigned a score using the reciprocal of its local rank. Afterwards, all canon‐
ical SMILES are ranked based on their final scores. The computation details of the final score are
described in the Inference Module section. In the example, different colored strings represent differ‐
ent canonical SMILES. The top‐4 predictions are selected as the final generations.
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Line 299: What is N in RoungTrip(k)? Is RoungTrip a typo?

Response: Thank you for pointingout the typo. Wehavemade the correction from“RoungTrip”
to “RoundTrip.” And in the formulation of RoundTrip(k),

RoundTrip(k) =
1

N × k

N∑
1

k∑
1

I(Reach Ground Truth Product)

N is the number of molecules in the test set. We have included the description in the
manuscript.

“RoundTrip(k) = 1
N×k

∑N
1

∑k
1 I(Reach Ground Truth Product), where N is the number of

molecules in the test set.”

Line 304: The authors claim that EditRetro effectively learns mechanisms due to its higher
round‐trip accuracy. However, this differs from the concept of ”mechanism” within the con‐
text of organic chemistry. As such, the contribution may be overstated.

Response: Thank you for your valuable comments. Wehave replaced the term “mechanism”
with “chemical rules” to ensure that we do not overstate the contribution.

Line 331: How does the iteration stop during inference? I found the answer in Line 694,
every sample requires at least two iterations to stop. This approach may not be efficient
and should be addressed in the limitations section.

Response: Thank you for your comments. In this study, the iterative refinement process
continues until either two consecutive decoding iterations produce identical outputs or a
predetermined maximum number of iterations is reached. We refer to this approach as
efficient, primarily due to its utilization of non‐autoregressive decoders. Within each de‐
coder, editing actions are performed in parallel at each position. As a result, our model typ‐
ically requires only 6 steps in most cases to generate the candidate sequence, whereas tra‐
ditional Transformer‐based methods necessitate a number of steps equivalent to the length
of the candidate sequence. Furthermore, an examination of the inference latency in Table 2
demonstrates the superior efficiency of our approach. We hope that this can address your
concerns about the efficiency of the model.

Line 422, Line 439, Line 470: I believe that the performance gain is primarily attributed to
the pretraining data (USPTO‐full) containing similar reactions.

Response: Thank you for your comments. As shown in Figure. 2, these results indicate that
the jointly masked sequence‐to‐sequence pre‐training scheme enables the model to effec‐
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tively capture the underlying patterns and relationships within the SMILES representation
from a vast corpus of chemical data. By leveraging this pre‐training knowledge, the model
demonstrates improved generalization capabilities and achieves more accurate predictions
during the fine‐tuning phase. The USPTO‐FULL dataset contains a significantly larger variety
of reactions compared to the USPTO‐50K dataset. This increased diversity allows the model
to better learn the chemical rules and ultimately enhances its performance. We hope that
this analysis can address your concerns about the performance gain.

lines 492‐504: When analyzing incorrect predictions, the authors present three examples in
Figure 7. However, the SMILES in line 498 does not correspond to the structure in Figure7b;
the correct SMILES should be “Cc1ccc(S(=O)(=O)OS(=O)(=O)[N+](C)(C)C)cc1”. Additionally,
the distinction between ”implausible reaction” and ”chemically infeasible reaction” is un‐
clear, and I suggest renaming one of these categories.

Response: Thank you for your valuable suggestion. Wehavefixed the error in themanuscript.
And we have renamed the second error category from “implausible reaction” to “discrep‐
ancy in reactive sites”, emphasizing the difference between the reactive sites of the pre‐
dicted reactant by the model and the ground truth reactant.

Other issues: A recent paper Single‐step retrosynthesis prediction by leveraging commonly
preserved substructures should be addressed in related work.

Response: Thanks for your kind reminder. We have included the discussion about the paper
in related work and included its results in supplementary Table B3 as follows:

“Fang et al. [34] developed a substructure‐level decoding method by automatically extract‐
ing commonly preserved portions of product molecules. However, the extraction of substruc‐
tures is fully data‐driven, and its coverage depends on the reaction dataset. Furthermore,
incorrect substructures can lead to erroneous predictions.”
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Table 5: Top‐k exact match accuracy on the USPTO‐FULL dataset with reaction class unknown. The
best performance in each category is in bold.

Model
Top‐k accuracy (%)

1 3 5 10
Template‐Based
RetroSim [3] 32.8 ‐ ‐ 56.1
NeuralSym [11] 35.8 ‐ ‐ 60.8
GLN [4] 39.3 ‐ ‐ 63.7
LocalRetro [1] 39.1 53.3 58.4 63.7
Semi‐Template‐Based
RetroPrime [17] 44.1 ‐ ‐ 68.5
Template‐Free
MEGAN [10] 33.6 ‐ ‐ 63.9
Graph2SMILES [16] 45.7 ‐ ‐ 63.4
GTA [13] 46.6 ‐ ‐ 70.4
Aug.Transformer [15] 46.2 ‐ ‐ 73.3
Graph2Edits [18] 44.0 60.9 66.8 72.5
Substructure [5] 46.0 ‐ ‐ 68.5
R‐SMILES [19] 48.9 66.6 72.0 76.4
PMSR [6] 45.5 60.9 65.5 70.1
EditRetro(Ours) 49.0 62.6 66.2 69.4
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REVIEWER COMMENTS 

 

Reviewer #2 (Remarks to the Author): 

 

The authors have convincingly addressed all of my comments and hence I can now recommend 

publication. 

 

 

Reviewer #3 (Remarks to the Author): 

 

As I am with a computer science background, I primarily focus on providing comments from the 

perspectives of model design and model results. Since the model design is not intuitive from a 

chemistry perspective, I mainly concentrate on the results presented in the paper. 

 

The authors have addressed all my concerns and provided updated results. However, upon reviewing 

the new findings, I feel that the authors may be overstating their contributions, especially with 

regard to the presentation of their results. 

 

In Figure 6b, it is evident that pretraining on a larger dataset (USPTO-full) yields greater benefits 

compared to using the USPTO-50k dataset only. However, simply removing the test data of 

USPTO50k/USPTO-MIT from USPTO-full is insufficient, as USPTO-full contains numerous reactions 

similar to those in the USPTO50k/USPTO-MIT test set, leading to data leakage. Furthermore, when 

pretraining on USPTO50k, the approach demonstrates lower performance after the top 3 when 

compared with RSMIELS. And on USPTO-full, we have similar observations. In both cases, the model's 

performance in the top 10 is considerably inferior to that of R-SMILES, which may hinder its 

applicability in real-world scenarios. 

 

To ensure fairness in comparisons with other baselines and to avoid misleading conclusions, I 

strongly recommend that the authors present results in the main article using a setting where the 

pretraining data is only the corresponding training data. The results obtained when pretraining on 

USPTO-full may be included as supplementary information. 

 

Additionally, it is crucial to maintain clarity and comparability while reporting results on USPTO-full. 

Some results are based on the full dataset (Graph2SMILES), while others are not (R-SMILES). 



Combining these results may lead to confusion. Therefore, it is essential to clearly report numbers on 

both the entire dataset and the filtered dataset, and indicate the percentage of invalid or filtered 

data to ensure accurate comparisons. 



Response to reviewers

Summary response to reviewers

Dear Reviewers,

We would like to express our sincere appreciation once again for your constructive com‐
ments and positive feedback on our manuscript. Your valuable suggestions have greatly
contributed to enhancing the quality of our work, and we have made dedicated efforts to
address each of your concerns in a thorough manner. In response to your comments, we
have made several revisions to the manuscript. Furthermore, we have provided detailed
responses to all of your comments, which are supported by additional figures and experi‐
mental results. The main changes made are summarized as follows.

1. Regarding the fair comparisons and data leakage problem, we conducted further data
analysis and experiments to thoroughly explore the potential data leakage of USPTO‐
FULL training set. Our findings indicate that there is no clear evidence of data leakage
in the filtered training set of USPTO‐FULL, justifying the effectiveness of our data pre‐
processing method.

2. As suggested by Reviewer #3, we have revised the results in the main article to avoid
any misleading conclusions. Specifically, we have included the results obtained from
pretraining on both the USPTO‐50K training set and the filtered training set of USPTO‐
FULL. Additionally, we have carefully revised the analysis of the related results.

3. Tomaintain clarity and comparability, we have provided separate precise numbers for
both the complete dataset and the filtered dataset of USPTO‐FULL.

We hope that our revisedmanuscript has addressed all of the concerns raised, andwe firmly
believe that the improvements we have made have significantly enhanced the quality of
our work. We would like to express our sincere gratitude for your valuable time and effort
invested in reviewing our manuscript. Below, you will find detailed responses to each of the
concerns raised.
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Reviewer #2 (Remarks to the Author):

The authors have convincingly addressed all of my comments and hence I can now recom‐
mend publication.

Response: Thank you for your positive feedback on our response and for recommending
publication.

Reviewer #3 (Remarks to the Author):

As I am with a computer science background, I primarily focus on providing comments from
the perspectives of model design and model results. Since the model design is not intuitive
from a chemistry perspective, I mainly concentrate on the results presented in the paper.

The authors have addressed all my concerns and provided updated results. However, upon
reviewing the new findings, I feel that the authors may be overstating their contributions,
especially with regard to the presentation of their results.

In Figure 6b, it is evident that pretraining on a larger dataset (USPTO‐full) yields greater
benefits compared to using the USPTO‐50k dataset only. However, simply removing the
test data of USPTO50k/USPTO‐MIT from USPTO‐full is insufficient, as USPTO‐full contains
numerous reactions similar to those in the USPTO50k/USPTO‐MIT test set, leading to data
leakage. Furthermore, when pretraining on USPTO50k, the approach demonstrates lower
performance after the top 3 when compared with RSMIELS. And on USPTO‐full, we have
similar observations. In both cases, the model’s performance in the top 10 is considerably
inferior to that of R‐SMILES, which may hinder its applicability in real‐world scenarios.

To ensure fairness in comparisons with other baselines and to avoid misleading conclusions,
I strongly recommend that the authors present results in the main article using a setting
where the pretraining data is only the corresponding training data. The results obtained
when pretraining on USPTO‐full may be included as supplementary information.

Response: Thank you for your valuable comments. We are also well aware of the impor‐
tance of fair comparisons and the potential impact of data leakage. To address your con‐
cerns, we have conducted further analyses and experiments, and made revisions to the
results outlined in the main article following your suggestion.

Regarding the issue of fair comparisons, we would like to point out that our pre‐training
and fine‐tuning mechanism is inspired by two state‐of‐the‐art baselines: R‐SMILES [20] and
PMSR [6]. In the case of R‐SMILES, which was published in the Chemical Science journal
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by the group of Prof. Tingjun Hou and Prof. Mingli Song, the authors first pre‐trained their
model on the USPTO‐FULL dataset and then fine‐tuned it on the USPTO‐50K dataset. Sim‐
ilarly, PMSR, published at AAAI 2023 conference by the group of Prof. Fei Wu and Prof.
Zhengxing Huang, follows a similar process where the authors pre‐train their model on the
Pistachio dataset [7] and then fine‐tune it on the USPTO‐50K dataset. Please note that Pis‐
tachio has a training set containing 3.74 million reactions, which is much larger than the
training set of USPTO‐FULL with about 800,000 reactions. To ensure fair comparisons with
the two recent state‐of‐the‐art methods, in this work, we have also pre‐trained our model
on USPTO‐FULL dataset and then fine‐tuned it on USPTO‐50K.

Regarding the data leakage problem, wewere aware of this issue and took carefulmeasures
to address it during the preparation of our pretraining dataset. Specifically, we thoroughly
examined the pre‐traing data preprocessing methods of the two state‐of‐the‐art baselines.
The authors of R‐SMILESmentioned, ”During the pretraining stage, depending onwhether it
is a forward or retrosynthesis prediction, products or reacatants in the training set of USPTO‐
FULL are used for self‐supervised training, where molecules in the test set of USPTO‐50K and
USPTO‐MIT are removed.” Similarly, the authors of PMSR stated, ”We remove invalid and
redundant reactions and pick out all reactions which contain the same products as the test
set of fine‐tuning datasets to avoid data leaks.” To mitigate data leakage, we followed their
data processing method during the pre‐training stage.

To further thoroughly analyze the data leakage issue, we computed the pairwise Tanimoto
similarities between reactions in the test set of USPTO‐50K and the filtered training set of
USPTO‐FULL, as well as the training set of USPTO‐50K. Specifically, we utilized Rdkit to con‐
struct a difference fingerprint for each chemical reaction by subtracting the reactant finger‐
print from the product fingerprint, with the Morgan fingerprint of radius 2 being employed.
The resulting similarities are depicted in Figure R1. Notably, the similarities exhibit a consis‐
tent pattern between the training set of USPTO‐50K and the filtered USPTO‐FULL, with no
significant presence of reactions closely resembling those in the USPTO‐50K test set.

Furthermore, we conducted additional experiments by pre‐training the model using the
original training data of USPTO‐FULL. Please note that the new model may not have been
adequately pre‐trained due to resource limitations. We observed in Table R1 that the per‐
formance of the model pre‐trained with the filtered USPTO‐FULL was significantly poorer
compared to the model pre‐trained with the original dataset. This stark difference in per‐
formance further supports the effectiveness of the pretraining data preprocessing method
in avoiding data leakage.

We attribute the performance improvement observed when pretrained on the filtered train‐
ing set of USPTO‐FULL to the increased diversity of reactions present in the dataset, which
spans over 300 reaction types. This improvement aligns with the general trend observed in
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Figure R1: Pairwise Tanimoto similarities between the reactions in the test set of USPTO‐50K and the
training set of USPTO‐50K (Left) and filtered USPTO‐FULL (Right). Morgan fingerprint of radius 2 is
employed.

Table R1: Exact match accuracy (%) on the test set of USPTO‐50K for our model pretrained on the
original and filtered training set of USPTO‐FULL.

Pre‐training Data Top‐1 Top‐3 Top‐5 Top‐10
Original USPTO‐FULL 68.9 82.8 86.6 90.0
Filtered USPTO‐FULL 62.7 81.2 85.9 89.3

the pre‐training and fine‐tuning mechanism, which aims to train a model on a large dataset
and then adapt the pretrained model to a specific task using a smaller, task‐specific dataset.

In conclusion, we agreewith your suggestion to revise the results in themain article to avoid
anymisleading conclusions. Therefore, please allowus to include the results obtained from
pretraining on both the USPTO‐50K and USPTO‐FULL datasets in the main article. We ex‐
plicitly note this in the Abstract section, Table 1, Table 2, and Table 3 to provide transparency
and ensure clarity for the readers. Additionally, we explicitly state that some case studies
are conducted with the model pretrained on the filtered training set of USPTO‐FULL. The
main revisions are listed below.

1. In the Table 1 and Table 2, we have included the results obtained from the model pre‐
trained on the training set of USPTO‐50K. We have also added footnotes to explicitly
state on which dataset the models are pretrained.

2. In the abstract, we have revised the conclusion as follows, ”Extensive experiments
demonstrate that ourmodel generates high‐quality anddiverse results, achieving state‐
of‐the‐art performance on the standard benchmark dataset USPTO‐50K. Specifically,
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our model achieves a top‐1 accuracy of 58.6%when pretrained on USPTO‐50K, and an
even more promising 62.7% when pretrained on the large‐scale USPTO‐FULL”.

3. In the section of datasets and data preprocessing, we have revised the description of
the pre‐training data as follows, ”During the pre‐training stage,we utilized the training
set of the USPTO‐50K and the USPTO‐FULL dataset for self‐supervised training, respec‐
tively. To ensure a fair evaluation and avoid potential data leakage, molecules from
the test sets of both USPTO‐50K and USPTO‐MIT were removed from the USPTO‐FULL
dataset.”

4. In the subsection of exact match accuracy, we have revised the analysis as follows,
”Our method achieves a state‐of‐the‐art top‐1 accuracy of 58.6% on this benchmark
dataset when pretrained on the augmented training set of USPTO‐50K, surpassing the
baselines that do not utilize large‐scale pretraining. Furthermore, when pretrained on
the large‐scale filtered training set of USPTO‐FUll, our method outperforms all the
baseline models in terms of both the top‐1 and top‐3 accuracy metrics.”

5. In the subsectionof round‐trip accuracy, wehave revised the analysis as follows, ”When
pretrained on the USPTO‐50K dataset, our model achieves a state‐of‐the‐art top‐1
accuracy of 82.7%. Moreover, when pretrained on the USPTO‐FULL training set, our
model achieves impressive results, with a top‐1 accuracy of 91.4% and a top‐3 accu‐
racy of 73.7%.”

6. In the subsection ofmaxfrag accuracy, we have revised the analysis as follows, ”For our
model pretrained on USPTO‐50K, it achieves an impressive top‐1 accuracy of 61.9%,
surpassing the performance of baselines. Furthermore, when pertrained on USPTO‐
FULL, EditRetro exhibits superior performance, outperforming all baselines with an
accuracy of 66.8% for top‐1 predictions and 84.8% for top‐3 predictions.”

7. In the section of Discussion, we have revised the conclusion as follows, ”Extensive ex‐
periments on the benchmark retrosynthesis dataset USPTO‐50K show that EditRetro
achieves promising performance surpassing that of other state‐of‐the‐art models. It
achieves a top‐1 exact match accuracy of 58.6% when pretrained on USPTO‐50K and
a higher accuracy of 62.7% when pretrained on USPTO‐FULL.”

We hope that these modifications address your concerns, and we are confident that the
revisions have significantly enhanced the quality of our work. We would like to express
our sincere gratitude once gain for your valuable time and effort invested in reviewing our
manuscript.
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Table 1: Top‐k exact match accuracy on USPTO‐50K dataset with reaction class
unknown. The best performance in each category is in bold.

Model
Top‐k accuracy (%)

1 3 5 10
Template‐Based
RetroSim [3] 37.3 54.7 63.3 74.1
NeuralSym [9] 44.4 65.3 72.4 78.9
GLN [4] 52.5 74.6 80.5 86.9
LocalRetro [1] 53.4 77.5 85.9 92.4
Semi‐Template‐Based
RetroXpert [17] 50.4 61.1 62.3 63.4
G2Gs [11] 48.9 67.6 72.5 75.5
GraphRetro [12] 53.7 68.3 72.2 75.5
RetroPrime [16] 51.4 70.8 74.0 76.1
G2Retro [2] 54.1 74.1 81.2 86.7
Template‐Free
Transformer 42.4 58.6 63.8 67.7
SCROP [18] 43.7 60.0 65.2 68.7
MEGAN [8] 48.1 70.7 78.4 86.1
GTA [10] 51.1 67.6 74.8 81.6
Retroformer [15] 53.2 71.1 76.6 82.1
Graph2Edits [19] 55.1 77.3 83.4 89.4
EditRetro(Ours)a 58.6 77.3 81.4 85.1
R‐SMILES [20]b 55.7 78.7 85.6 90.6
PMSR [6]c 59.3 76.9 81.8 85.6
EditRetro(Ours)b 62.7 81.2 85.9 89.3

a Pretrained on USPTO‐50K.
b Pretrained on USPTO‐FULL.
c Pretrained on Pistachio.
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Table 2: Top‐k Round‐Trip and MaxFrag accuracy on USPTO‐50K dataset with reaction
class unknown. The best performance is highlighted in bold font.

Category Model
Top‐k accuracy (%)

1 3 5 10

Round‐Trip
accuracy

Transformer 71.9 54.7 46.2 35.6
Graph2SMILES [14] 76.7 56.0 46.4 34.9
RetroPrime [16] 79.6 59.6 50.3 40.4
Retroformer[15] 78.9 72.0 67.1 57.2
EditRetro(Ours)a 82.7 69.5 59.7 45.0
EditRetro(Ours)b 91.4 73.7 62.6 46.5

MaxFrag
accuracy

AugTransformer [13] 58.5 73.0 85.4 90.0
LocalRetro [1] 57.8 82.1 89.7 95.0
MEGAN [8] 54.2 75.7 83.1 89.2
Graph2Edits [19] 59.2 80.1 86.1 91.3
EditRetro(Ours)a 61.9 80.0 84.3 87.2
EditRetro(Ours)b 66.8 84.8 89.3 92.3

a Pretrained on USPTO‐50K.
b Pretrained on USPTO‐FULL.
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Additionally, it is crucial to maintain clarity and comparability while reporting results on
USPTO‐full. Some results are based on the full dataset (Graph2SMILES), while others are
not (R‐SMILES). Combining these results may lead to confusion. Therefore, it is essential to
clearly report numbers on both the entire dataset and the filtered dataset, and indicate the
percentage of invalid or filtered data to ensure accurate comparisons.

Response: Thank you for your valuable suggestions. We have conducted a thorough review
of the test dataset of USPTO‐FULL, which was utilized by different baselines. With the aim
of improving clarity and comparability, we have taken into account your suggestion, as well
as the baseline Structure [5]. As a result, we have included separate precise numbers for
both the complete dataset and the filtered dataset in the Table B3. Furthermore, we have
provided the percentage of invalid reactions in the test dataset within a footnote.
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Table B3: Top‐k exact match accuracy on the USPTO‐FULL dataset with reaction class un‐
known. The best performance in each category is in bold.

Model
Top‐k accuracy (%)

1 3 5 10
Template‐Based
RetroSim [3] 32.8 ‐ ‐ 56.1
NeuralSym [9] 35.8 ‐ ‐ 60.8
LocalRetro [1] 39.1 53.3 58.4 63.7
GLN [4] 39.3 ‐ ‐ 63.7
Template‐Free
MEGAN [8] 33.6 ‐ ‐ 63.9
Graph2Edits [19] 44.0 60.9 66.8 72.5
Aug.Transformer [13] 44.4 ‐ ‐ 70.4
PMSR [6] 45.5 60.9 65.5 70.1
Graph2SMILES [14] 45.7 ‐ ‐ 63.4
Substructure [5] 46.0 ‐ ‐ 68.5
EditRetro(Ours) 46.8 59.8 63.3 66.3

RetroPrime [16]a 44.1 ‐ ‐ 68.5
Aug.Transformer [13]a 46.2 ‐ ‐ 73.3
GTA [10]a 46.6 ‐ ‐ 70.4
Substructure [5]a 48.2 ‐ ‐ 71.6
R‐SMILES [20]a 48.9 66.6 72.0 76.4
EditRetro(Ours)a 49.0 62.6 66.2 69.4

a Invalid reactions, which account for about 4.4% of the test set, have been ex‐
cluded.
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REVIEWER COMMENTS 

 

Reviewer #2 (Remarks to the Author): 

 

I tend to agree with referee 3 that the specifics of the pre-training procedure (jointly reactants and 

products) may induce some sort of data-leakage. As such, the comparison to methods that only 

pretrain on either reactants and products (such as RSMILES) is potentially not completely fair. At the 

same time, it is unclear whether this is really an issue. Maybe the authors could try training both 

encoder and decoder on either reactants or products? Or they could randomly mix both, so that 

encoder and decoder are both trained on a mixture of both? If the results change significantly upon 

doing so, I would be more confident to say that there is indeed data leakage. 

 

 

Reviewer #3 (Remarks to the Author): 

 

I would like to thank the authors for the detailed response. However, I still feel reluctant to 

recommend this manuscript for publication. 

 

Typically, we have two methodologies when we aim to improve performance on a certain task: 1) 

incorporating more data or 2) introducing human knowledge that cannot be easily learnt by models. 

I think many studies in retrosynthesis fall under the second category, e.g., RSMILES, also from Prof. 

Hou, introducing alignments between reactants and products that cannot be easily captured by 

Transformer on existing USPTO-full/USPTO-50K data. 

 

EditRetro is rather complicated, it consists of several AI models as building blocks. I cannot gain any 

insights from its design or understand why this particular design excels in retrosynthesis tasks. The 

design of EditRetro does not interest me at all. 

When it comes to results, it seems EditRetro only achieves comparable or superior performance 

when it harnesses more “pretraining” data. In NLP, when we say pretraining, we mainly refer to 

unsupervised pretraining, i.e., the pretraining data does not contain any supervision for downstream 

tasks, e.g., R-SMILES was pretrained only on molecules, which does not contain any task-specific 

supervision. This is acceptable, as the primary objective of introducing pretraining in R-SMILES is to 

decrease training time, and the overall performance remains similar with or without pretraining. 

 



In the case of EditRetro, the jointly “pretraining” of encoder and decoder, in some degree, includes 

task-specific supervision, the “pretraining” data are reactions. Regarding data leakage, some 

chemical transformation rules (learned by pretraining on USPTO-full) are not easily learned on 

USPTO50K (because 50K is a small dataset) are indirectly utilized. This is the primary reason why 

EditRetro, when pretrained only on the corresponding training data, is comparable or inferior to 

RSMIELS on both datasets. Therefore, the comparisons on 50K are unfair. The analysis in the 

response (Figure R1) doesn't necessarily imply an absence of data leakage. The results merely 

suggest that adding more data with a distribution similar to the training data can enhance 

performance, which is a common practice in machine learning. 

 

Overall, the contribution of this paper, in terms of model design and experimental results, from my 

perspective, is incremental. 

 

Some other comments: 

In table 1 (main article), please include R-SMILES without pretraining as baselines in template free 

methods. And why the R-SMILES results in table 1 is much worse than https://github.com/otori-

bird/retrosynthesis?tab=readme-ov-file#retrosynthesis Did you retrain the model? It is unnecessary 

to include results on pretrained Pistachio. 

 

Table B3 should be included in the main article, also please include R-SMILES without pretraining as 

baseline. 

 

 

 



Response to reviewers

Summary response to reviewers

Dear reviewers,

We sincerely appreciate the valuable feedback you provided on our manuscript. Your sug‐
gestions have significantly contributed to improving the quality of our work, and we have
devoted considerable effort to addressing each of your concerns thoroughly. In response
to your comments, we have made several major revisions to the manuscript, and we would
like to highlight the key changes we have implemented:

1. We have revised the main article by removing all content related to the supervised
seq2seq pretraining strategy, as recommended by Reviewer #3, in order to mitigate
any potential risks of data leakage. Instead, we have employed a two‐stage training
strategy with a sequence‐level self‐distillation method. This approach helps enhance
the training of three decoders and mitigates the multi‐modality issue, where a single
product can be synthesized by multiple reactants. Our model has achieved promis‐
ing performance, especially in terms of top‐1 accuracy, while ensuring there are no
data leakage risks. Detailed description of the two‐stage training strategy is in Sec‐
tion Training Strategy. We have updated all the results obtained with the two‐stage
training strategy.

2. We would like to re‐emphasize the technical contributions of this work: we have re‐
framed the sequence‐based single‐step retrosynthesis prediction as amolecular string
editing task and employed an edit‐based generativemodel to tackle this problem. Our
model’s success can be attributed to two key aspects: First, unlike auto‐regressive de‐
coding methods such as the beam search used in R‐SMILES, which generate reactants
token‐by‐token in an auto‐regressive manner starting from scratch, our method mod‐
ifies a given product sequence using three sequence editing operations to obtain the
reactants. Second, our method possesses an iterative refinement capability, allowing
it to rectify any incorrect generations from the previous iteration. To provide a clearer
presentation of these contributions, we have made revisions to Figure 1, which now
includes the inference pipeline, iterative editing process, and sampling method.

We hope that our revised manuscript has effectively addressed all of the concerns raised,
andwe firmly believe that the improvements we havemade have significantly enhanced the
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quality of our work. We would like to extend our heartfelt gratitude for the valuable time
and effort you have dedicated to reviewing our manuscript. Below, you will find detailed
responses to each of the concerns raised.
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Reviewer #2 (Remarks to the Author):

I tend to agree with referee 3 that the specifics of the pre‐training procedure (jointly re‐
actants and products) may induce some sort of data‐leakage. As such, the comparison to
methods that only pretrain on either reactants and products (such as RSMILES) is potentially
not completely fair. At the same time, it is unclear whether this is really an issue. Maybe the
authors could try training both encoder and decoder on either reactants or products? Or
they could randomly mix both, so that encoder and decoder are both trained on a mixture
of both? If the results change significantly upon doing so, I would be more confident to say
that there is indeed data leakage.

Response: Thank you for your valuable suggestions.

We have included a comparison of results obtained using different pre‐training strategies
in Table R1, based on your recommendations. The first line presents the results obtained
from the model that was trained from scratch. The second line shows the results obtained
from the model that was pre‐trained with the mixture of products and reactants. Specifi‐
cally, the encoder takes themaskedmolecule as input, and through self‐supervised seq2seq
pretraining, the decoder learns to predict the masked tokens. Lastly, the last line presents
the results obtained from the model based on seq2seq pretraining where both encoder
and decoder were updated synchronously. Based on the results, we can observe a certain
performance drop between self‐supervised molecule pretraining and supervised reaction
pretraining. Thank you for your suggestions once again.

We would like to make it clear that in order to prevent any potential data leakage con‐
cerns from Reviewer #3, we have removed all instances of the jointly supervised seq2seq
pre‐training strategy from the main article. Instead, in the revised article, we have em‐
ployed a two‐stage training strategy with sequence‐level self‐distillationmethod to improve
the training of our semi‐autoregressive editing model, without any data leakage risks. Our
method achieved promising results with the two‐stage training strategy, especially the top‐1
accuracy.

Reviewer #3 (Remarks to the Author):

I would like to thank the authors for the detailed response. However, I still feel reluctant to
recommend this manuscript for publication.

Typically, we have two methodologies when we aim to improve performance on a certain
task: 1) incorporating more data or 2) introducing human knowledge that cannot be easily
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Table R1: Top‐k exact match accuracy of different pretraining settings on USPTO‐50K
dataset with reaction class unknown.

Model
Top‐k accuracy (%)

1 3 5 10
EditRetro+ Scratch

a,d 58.9 77.5 82.3 86.0
EditRetro+ Self‐supervised Molecule

b,d 60.7 80.1 84.9 89.1
EditRetro+ Supervised Reaction

c,d 62.7 81.2 85.9 89.3

a Training from scratch.
b Self‐supervised molecule seq2seq pretraining.
c Jointly supervised reaction pretraining.
d These results are obtained using previous settings.

learnt by models. I think many studies in retrosynthesis fall under the second category, e.g.,
RSMILES, also from Prof. Hou, introducing alignments between reactants and products that
cannot be easily captured by Transformer on existing USPTO‐full/USPTO‐50K data.

EditRetro is rather complicated, it consists of several AI models as building blocks. I cannot
gain any insights from its design or understand why this particular design excels in retrosyn‐
thesis tasks. The design of EditRetro does not interest me at all. When it comes to results, it
seems EditRetro only achieves comparable or superior performancewhen it harnessesmore
“pretraining” data. In NLP,whenwe say pertaining, wemainly refer to unsupervised pretrain‐
ing, i.e., the pretraining data does not contain any supervision for downstream tasks, e.g.,
R‐SMILES was pretrained only on molecules, which does not contain any task‐specific super‐
vision. This is acceptable, as the primary objective of introducing pretraining in R‐SMILES
is to decrease training time, and the overall performance remains similar with or without
pertaining.

In the case of EditRetro, the jointly “pretraining” of encoder and decoder, in some degree,
includes task‐specific supervision, the “pretraining” data are reactions. Regarding data leak‐
age, some chemical transformation rules (learned by pretraining on USPTO‐full) are not eas‐
ily learned on USPTO50K (because 50K is a small dataset) are indirectly utilized. This is the
primary reason why EditRetro, when pretrained only on the corresponding training data, is
comparable or inferior to RSMIELS on both datasets. Therefore, the comparisons on 50K are
unfair. The analysis in the response (Figure R1) doesn’t necessarily imply an absence of data
leakage. The results merely suggest that adding more data with a distribution similar to the
training data can enhance performance, which is a common practice in machine learning.

Overall, the contribution of this paper, in terms of model design and experimental results,
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from my perspective, is incremental.

Response: We appreciate your feedback and thorough evaluation of our work.

First and foremost, wewant to emphasize that themain contribution of ourwork stems from
the observation that chemical reactions typically induce localizedmolecular changes, usually
resulting in significant overlap between reactants and products. To address the challenge
of predicting single‐step retrosynthesis based on sequence, we propose reframing it as a
molecular string editing task. In this regard, we have developed an edit‐based generative
model to efficiently address this problem. Our model’s success lies in two aspects:

(1) Unlike auto‐regressive decoding methods, such as the beam search used in R‐SMILES,
which generate reactants token‐by‐token in an auto‐regressive manner starting from
scratch, our method modifies a given product sequence using three sequence editing
operations to obtain the reactants. The editing process requires a model to conduct
three correct editing steps (reposition, mask insertion, and token insertion), which is
much less and simpler than sequentially searching in the token space of SMILES. This
can reduce the learning difficulty for neural networks.

(2) Our method possesses an iterative refinement capability, allowing it to correct any
incorrect generations from the previous iteration. This iterative refinement process
can efficiently correct the modeling learning path.

We have made revisions to Figure 1 (Figure R1) for better clarity.

The model structure is semi‐autoregressive, where the decoder performs operations in par‐
allel at each position. However, due to the failure to capture the dependency on the target
side, training such models can be challenging [18]. Recently, lots of methods have been
proposed to leverage the pre‐trained large‐scale language models to help the training of
such models [7, 13]. Inspired by these works, we designed the jointly seq2seq pre‐training
strategy to enhance ourmodel training. Wewould like to clarify that the jointly seq2seq pre‐
training strategy is simply a method employed to enhance model training, and we firmly be‐
lieve that it should not overshadow the main contribution of our work. In order to mitigate
any potential risks of data leakage caused by the seq2seq pre‐training, we havemade revi‐
sions to the main article by removing all content associated with the previous supervised
seq2seq pre‐training strategy.

In the revised article, we have employed a two‐stage training strategy with sequence‐level
self‐distillation method to improve the training of our semi‐autoregressive editing model.
We have added the method descriptions to Section Training Strategy in the main article.

While the model excels at generating outputs efficiently, training it can be challenging due
to potential difficulties in capturing the dependency on the target side [18]. To address this
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Figure R1: Overview of EditRetro for molecular string editing.

issue, we employ a two-stage strategy with the sequence-level self-distillation method [6] to
enhance the model training process.

(1) In the first stage of our training process, we concentrate on training the encoder and
token decoder. Our study shows that the token decoder has a larger output space
of 3,136 compared to the mask decoder’s 256, which makes it more difficult to train
well. Specifically, we applied a random mask policy to mask the reactants and trained
the token decoder to recover the masked tokens. The same objective was used as in
the second training process. This can provide initialization to the token decoder and
balance training with the other two decoders.

(2) In the second stage of our training process, we begin by training the entire model using
all three decoders for a specified number of updates (e.g. 300K updates on USPTO-
50K). Following that, we use the trained model to generate multiple candidate reactants
for every product in the training set, and then we select the high-quality samples using
two methods. Firstly, we check if the generated reactants can predict the products using
a golden forward prediction model (such as the Molecular Transformer). Secondly, we
look for high similarity (e.g. 0.95) between the generated reactants and the reactants of
the corresponding product in the training set. The reactants that are generated along
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with the raw reactants are mixed together to further train the model. The process of
self-distillation can mitigate the issue of multi-modality, where a single product can
be synthesized using multiple reactants. This phenomenon is also observed in non-
autoregressive models of natural language processing (NLP) [18]. The self-distillation
process can be repeated multiple times, for example, three times on the USPTO-50K
dataset.

All training processes are performed on the corresponding training dataset to mitigate po-
tential data leakage risks (e.g. USPTO-50K model is trained on USPTO-50K training set in
both stages).

Some other comments:

In table 1 (main article), please include R‐SMILES without pretraining as baselines in tem‐
plate freemethods. Andwhy theR‐SMILES results in table 1 ismuchworse thanhttps://github.
com/otori‐bird/retrosynthesis?tab=readme‐ov‐file#retrosynthesis Did you retrain themodel?
It is unnecessary to include results on pretrained Pistachio.

Table B3 should be included in the main article, also please include R‐SMILES without pre‐
training as baseline.

Response: Thank you for your valuable suggestions.

We found duplicate SMILES during the 20‐time sequence augmentation process. As a result,
we decided to limit the augmentation to 10 times. To ensure a fair comparison, we retrained
R‐SMILES with the 10‐time augmentation, which led to inferior results as shown in Table 1.
However, to align with previous works, we have decided to proceed with a 20‐time augmen‐
tation in this revised version.

Following your suggestion, we have included the results of R‐SMILES without pre‐training
in table 1 and table 2 (original table B3). We followed their recommended training setting
strictly to obtain these results. The authors stated that the pre‐training indeed brings about
certain performance improvements in the comment on GitHub (https://github.com/otori-
bird/retrosynthesis/issues/11#issuecomment-1853335380). In their local experimental
environment, the model trained from scratch achieved top‐1 and top‐10 accuracy rates of
55.0% and 89.8% respectively, while the model fine‐tuned from pretraining achieved top‐1
and top‐10 accuracy rates of 56.3% and 91.0% respectively. There are also certain perfor‐
mance drop on the USPTO‐FULL dataset. We believe that the reason behind this improve‐
ment is the greater diversity of productmolecules present in the USPTO‐FULL dataset, which
aids in training a more effective molecular representation encoder. We have thoroughly
retrained our model on the USPT‐FULL dataset, which has resulted in better performance,
particularly in top‐1 exact match accuracy.
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We hope that these modifications address your concerns, and we are confident that the
revisions have significantly enhanced the quality of our work. We would like to express
our sincere gratitude once again for your valuable time and effort invested in reviewing our
manuscript.
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Table R1: Top‐k exact match accuracy on USPTO‐50K dataset with reaction class
unknown. The best performance in each category is in bold.

Model
Top‐k accuracy (%)

1 3 5 10
Template‐Based
RetroSim [3] 37.3 54.7 63.3 74.1
NeuralSym [9] 44.4 65.3 72.4 78.9
GLN [4] 52.5 74.6 80.5 86.9
LocalRetro [1] 53.4 77.5 85.9 92.4
Semi‐Template‐Based
RetroXpert [19] 50.4 61.1 62.3 63.4
G2Gs [11] 48.9 67.6 72.5 75.5
GraphRetro [12] 53.7 68.3 72.2 75.5
RetroPrime [17] 51.4 70.8 74.0 76.1
G2Retro [2] 54.1 74.1 81.2 86.7
Template‐Free
Transformer 42.4 58.6 63.8 67.7
SCROP [20] 43.7 60.0 65.2 68.7
MEGAN [8] 48.1 70.7 78.4 86.1
GTA [10] 51.1 67.6 74.8 81.6
Retroformer [16] 53.2 71.1 76.6 82.1
Graph2Edits [21] 55.1 77.3 83.4 89.4
R‐SMILES a 55.9 78.8 85.9 90.5
R‐SMILES [22] 56.3 79.2 86.2 91.0
EditRetro(Ours) 60.8 80.6 86.0 90.3

a Without pretraining.
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Table R2: Top‐k exact match accuracy on the USPTO‐FULL dataset with reaction class un‐
known. The best performance in each category is in bold.

Model
Top‐k accuracy (%)

1 3 5 10
Template‐Based
RetroSim [3] 32.8 ‐ ‐ 56.1
NeuralSym [9] 35.8 ‐ ‐ 60.8
LocalRetro [1] 39.1 53.3 58.4 63.7
GLN [4] 39.3 ‐ ‐ 63.7
Template‐Free
MEGAN [8] 33.6 ‐ ‐ 63.9
Graph2Edits [21] 44.0 60.9 66.8 72.5
Aug.Transformer [14] 44.4 ‐ ‐ 70.4
Graph2SMILES [15] 45.7 ‐ ‐ 63.4
Substructure [5] 46.0 ‐ ‐ 68.5
EditRetro(Ours) 50.0 64.3 68.6 71.1

RetroPrime [17]a 44.1 ‐ ‐ 68.5
Aug.Transformer [14]a 46.2 ‐ ‐ 73.3
GTA [10]a 46.6 ‐ ‐ 70.4
Substructure [5]a 48.2 ‐ ‐ 71.6
R‐SMILES a,b 47.0 65.1 70.5 75.7
R‐SMILES [22]a 48.9 66.6 72.0 76.4
EditRetro(Ours)a 52.2 67.1 71.6 74.2

a Invalid reactions, which account for about 4.4% of the test set, have been ex‐
cluded.

b Without pretraining.
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REVIEWER COMMENTS 

 

Reviewer #2 (Remarks to the Author): 

 

In my opinion, the authors have convincingly addressed the issues raised in the previous round of 

reviewing, and consequently, I can now recommend acceptance. 

 

 

Reviewer #3 (Remarks to the Author): 

 

The revision to this manuscript shows a significant improvement over the initial versions. I am happy 

that the authors addressed my concerns on potential data leakage and achieved state-of-the-art 

performance on public benchmarks. The methodology, mainly inspired by the "Levenshtein 

Transformer", demonstrates its applicability in retrosynthesis, even though it is not a new concept in 

machine learning. 

 

However, I would like the authors to provide further clarity on the following points: 

 

Fig.1: The statement "We always set the canonical SMILES as the first input" needs clarification. 

Could you explain why? 

 

Line 588: The symbol h_x is used to represent a collection of vectors. To avoid confusion with h_i in 

equation 1, I recommend that a different symbol be used. 

 

Line 595: The description of the input of the decoder as "token embedding" (Equation 1) caused 

some confusion about the role of the encoder. Upon revisiting the method overview, I found the 

author's statement that " When given a target molecule, the encoder of our method takes its string 

as input and generates corresponding embeddings " (line 186-187). Typically in machine learning, the 

outputs of the encoder are not referred to as "embeddings". I suggest a revision of this terminology 

throughout the paper. Also, the use of $e_j$ as a symbol could potentially mislead readers. 

 

Line 600: Could you explain why π_{rps}(1|1,s) and π_{rps}(n|n,s) = 1,? do you manually add 

additional tokens to the start and end of the sequence? 



 

In Figure 1b, the encoder output serves as input to all three encoders. However, in the method 

section, it seems the placeholder's input only comes from the reposition decoder (Equation 2) and 

the token decoder's input solely from the placeholder decoder (Equation 3). Could you provide more 

details about the network structures of the placeholder and token decoders? Also, how are h’ and h’’ 

derived? By an additional transformer? It seems that the placeholder decoder is only one linear layer, 

without any frequently used tricks such as dropout or activation. 

Some of these inquiries have been addressed in the supplementary materials, but I believe they 

would be better placed in the main article. 

 

Line 620: Could you elaborate on how the values 3136 and 256 were calculated? 

 

Line 629: Could you provide more information about the golden forward prediction model? How was 

it trained? Is there a possibility of data leakage in this model? This is VERY critical, as the training data 

should only consist of the corresponding training data. Otherwise, all results obtained in this paper 

are not convincible. 

 

Line 630: How were the similarities measured? Were SMILES tokens or molecular fingerprints used? 

 

Additional comments: I think it would be quite difficult to for Nature Communication readers to 

understand how the model was trained, if they are not familiar with the “Levenshtein Transformer”, 

the authors are encouraged to explain more on this. 



Response to reviewers

Summary response to reviewers

Dear reviewers,

We deeply appreciate your insightful suggestions, which have helped enhance the overall
quality of our work. We have dedicated considerable time and effort to addressing each
of your concerns in a comprehensive manner. In light of your comments, we have made
several revisions to the manuscript, and we would like to outline the key changes we have
made:

1. We utilized EditRetro as the golden forward prediction model by training it with the
corresponding USPTO‐50K and USPTO‐FULL training datasets. The reactants were
used as input, while the products served as the output. We ensured that there were
no data leakage issues in the forward prediction model.

2. We have added additional equations and symbols in the Methods section to provide
a clearer depiction of the decoding process. Furthermore, we have included more
information about the training process to enhance readers’ understanding.

We hope that our revised manuscript has effectively addressed all of the concerns raised,
and we firmly believe that the improvements we have made have further enhanced the
quality of our work. Wewould like to express our sincere gratitude for the valuable time and
effort you dedicated to reviewing our manuscript. Below, you will find detailed responses
addressing each of the concerns raised.
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Reviewer #2 (Remarks to the Author):

In my opinion, the authors have convincingly addressed the issues raised in the previous
round of reviewing, and consequently, I can now recommend acceptance.

Response: Thank you for your positive feedback on our response and for recommending
publication.

Reviewer #3 (Remarks to the Author):

The revision to this manuscript shows a significant improvement over the initial versions. I
am happy that the authors addressed my concerns on potential data leakage and achieved
state‐of‐the‐art performance on public benchmarks. The methodology, mainly inspired by
the ”Levenshtein Transformer”, demonstrates its applicability in retrosynthesis, even though
it is not a new concept in machine learning.

However, I would like the authors to provide further clarity on the following points:

Fig.1: The statement ”We always set the canonical SMILES as the first input” needs clarifica‐
tion. Could you explain why?

Response: Thank you for your comments. The canonical SMILES is a widely used representa‐
tion for molecular sequences in machine learning models, so it is important to include it as
one of the inputs. However, it does not necessarily need to be the first input in our method.
This arrangement has been implemented solely for the convenience of data processing pur‐
poses. We have revised the sentence to provide clarity:

”We always include the canonical SMILES as one of the inputs”.

Line 588: The symbol h_x is used to represent a collection of vectors. To avoid confusion
with h_i in equation 1, I recommend that a different symbol be used.

Response: Thank you for your valuable suggestions. To avoid confusion, we have made the
following revisions to the symbols:

”Given a target molecule, the encoder component of our model takes its sequence repre‐
sentations (x1, · · · , xn) as input and maps them to a sequence of hidden representations
(h(enc)1 , · · · , h(enc)n ). ”

Line 595: The description of the input of the decoder as ”token embedding” (Equation 1)
caused some confusion about the role of the encoder. Upon revisiting themethod overview,

2



I found the author’s statement that ” When given a target molecule, the encoder of our
method takes its string as input and generates corresponding embeddings ” (line 186‐187).
Typically in machine learning, the outputs of the encoder are not referred to as ”embed‐
dings”. I suggest a revision of this terminology throughout the paper. Also, the use of ej as
a symbol could potentially mislead readers.

Response: Thank you for your valuable suggestions.

We have made a revision to the term ”embeddings” and replaced it with ”hidden represen‐
tations” throughout the paper when referring to the output of the encoder. And we have
alsomade significant revisions to the equations and the symbols to avoid confusions. Please
refer to the responses below and the main article for detailed revisions.

Line 600: Could you explain why π_rps(1|1,s) and π_rps(n|n,s) = 1,? do you manually add
additional tokens to the start and end of the sequence?

Response: Thank you for your comments. In the fairseq toolkit, by default, four special
tokens are added to the dictionary: ’<s>’, ’<\s>’, ’<unk>’, and ’<pad>’. The fairseq toolkit
adds ’<s>’ and ’<\s>’ to the beginning and end of the input sequence, indicating the start
and end points, respectively. ’<unk>’ is utilized to replace out‐of‐distribution tokens, while
’<pad>’ is used to pad the sequences to the same length within a batch. We have realized
that the indices of the special tokens may potentially confuse readers, and as a result, we
have made the following revision:

To preserve the sequence boundaries, we enforce the constraint that πrps(0|0, s) = πrps(n+

1|n+1, s) = 1, which are the special tokens indicting the beginning and end of the sequence.

In Figure 1b, the encoder output serves as input to all three encoders. However, in the
method section, it seems the placeholder’s input only comes from the reposition decoder
(Equation 2) and the token decoder’s input solely from the placeholder decoder (Equation 3).
Could you provide more details about the network structures of the placeholder and token
decoders? Also, how are h’ and h’’ derived? By an additional transformer? It seems that
the placeholder decoder is only one linear layer, without any frequently used tricks such as
dropout or activation. Some of these inquiries have been addressed in the supplementary
materials, but I believe they would be better placed in the main article.

Response: Thank you for your valuable suggestions.

We would like to clarify that equations 1‐3 solely represent the calculations of the classi‐
fiers, which are based on the output hidden states of the decoder transformer‐blocks. As
illustrated in Figure R1, the encoder takes the given product string x = (x1, · · · , xn) as in‐
put and generates the hidden representations h(enc). Regarding the decoders, in the initial
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Encoder Reposition
Decoder

Placeholder
Decoder

Token
Decoder

<s> CCOC(=O) C(=O)NC c1ccccn1 </s>
0  1               2               3           4

<s> CCOC(=O) C(=O)NC c1ccccn1 </s>
0            1               2               3           4

<s> CCOC(=O) C(=O)NC c1ccccn1 </s>
0          1                0                2         4  

<s> CCOC(=O) <PLH> <PLH><PLH><PLH>  c1ccccn1 </s>
[0]                     [4]                    [0] <s> CCOC(=O) C(=O) Cl . NC c1ccccn1</s>

Iterative Refinement (until converge)

Figure R1: Illustration of retrosynthesis prediction process using iterative molecular string editing of
EditRetro.

iteration, the reposition decoder receives the given product string s (i.e., x) as input and
predicts the new sequence s′ by reordering or deleting each input token. Subsequently, the
placeholder decoder takes the predicted sequence s′ as input and generates the new se‐
quence s′′ by inserting the appropriate number of placeholders in each position. Following
that, the token decoder takes the predicted sequence s′′ as input and produces the new se‐
quence s′′′ by filling in each placeholder with the predicted token. It is important to note
that the encoder’s hidden representations h(enc) are utilized in the cross‐attention mecha‐
nism within all the decoder transformer‐blocks. We have revised the equations to provide
a clearer depiction of the decoding process:

The reposition decoder reads the input token sequence s and gives a categorical distribution
over the indexes of the input tokens as their new positions using the reposition classifier
πrps:

h(rps) = transformer_blocks(rps)
(
es + ls, h(enc)

)
(1)

πrps (r | i, s) = softmax
(
h(rps)i · [b, es1 , · · · , esn ]

)
(2)

s′ = reposition_tokens (r, s) (3)

where es and ls denote the token embedding and positional encoding of the input sequence
s respectively, hrps represents the output hidden representations of the input tokens in repo‐
sition decoder, b ∈ Rdmodel is used to predict whether to delete the token, r represents the
newly predicted indexes of the input tokens with πrps, and the function reposition_tokens
is utilized to place the input tokens in the output sequence s′ or delete them.

h(plh) = transformer_blocks(plh)
(
es′ + ls′ , h(enc)

)
(4)

πplh (p | i, s′) = softmax
(
concat

(
h(plh)i , h(plh)i+1

)
·W(plh)

)
(5)

s′′ = insert_placeholders (p, s′) (6)
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where es′ and ls′ denote the token embedding and positional encoding of the input se‐
quence s′ respectively,W(plh) ∈ R(2dmodel)×(Kmax+1), p denotes the number of placeholders
predicted at each position, and the function insert_placeholders is used to insert placehold‐
ers in the output sequence s′′.

h(tok) = transformer_blocks(tok)
(
es′′ + ls′′ , h(enc)

)
(7)

πtok (t | i, s′′) = softmax
(
h(tok)i ·W(tok)

)
(8)

s′′′ = insert_tokens (t, s′′) (9)

where es′′ and ls′′ denote the token embedding and positional encoding of the input se‐
quence s′′ respectively,W(tok) ∈ Rdmodel×|V|, and the function insert_tokens is used to insert
the predicted tokens at each placeholder.

Line 620: Could you elaborate on how the values 3136 and 256 were calculated?

Response: Thank you for your comments.

InNLP, theByte Pair Encoding (BPE) tokenizationmethod consists of twomain stages: learn_bpe
and apply_bpe. The SmilesPE tokenization procedure follows a similar approach. Specifi‐
cally, the ’learn_bpe’ function analyzes the high‐frequency pairs of SMILES substrings in a
large dataset of chemical molecules (e.g., ChEMBL). It generates a collection of frequently
occurring SMILES substrings, referred to as ’codes’ (similar to the vocabulary).

• pair 0: c c ‐> cc (frequency 18,211,458)
• pair 1: C C ‐> CC (frequency 8,249,650)
• pair 2: O ) ‐> O) (frequency 6,227,992)
• · · ·

For instance, based on pair 0, if there are two ’c’ tokens in adjacent positions of an SMILES,
we can combine them into the substring ’cc’. Subsequently, the ’apply_bpe’ function will
tokenize the molecular SMILES by combining pairs of tokens based on the generated codes.
For example,

• smi = ’CC[N+](C)(C)Cc1ccccc1Br’
• smi_bpe = ’CC [N+](C) (C)C c1ccccc1 Br’

Then, all the tokenized SMILES substrings in smi_bpe will be used to build the vocabulary
that will be used in the model.

• . 3154945
• C(=O) 803542
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• N 624477
• C 621747
• O 617933
• · · ·

This process is similar to atom‐level SMILES tokenization, with the distinction that atom‐level
tokenization is based on predefined regular expression rules, whereas SmilesPE tokenization
relies on the generated codes. The SmilesPE tokenization can be treated as a data‐driven
method for molecular fragmentation. In our experiments, the vocabulary size is 3,136, with
the retention of substring pairs in the ’codes’ that have a frequency greater than 2,000. For
more detailed information, we recommend referring to the code of SmilesPE 1.

The maximum number of placeholders that can be inserted between two adjacent tokens
is 256, which is a hyperparameter. We setted this value based on the machine translation
task in NLP. However, we also experimented with other values, such as 10, and observed no
significant performance differences.

Line 629: Could you provide more information about the golden forward prediction model?
How was it trained? Is there a possibility of data leakage in this model? This is VERY critical,
as the training data should only consist of the corresponding training data. Otherwise, all
results obtained in this paper are not convincible.

Response: Thank you for your comments. In our experiments, we used EditRetro as our ref‐
erence forward prediction model. We trained it using the corresponding training datasets
from USPTO‐50K and USPTO‐FULL, with the distinction that the reactants were used as in‐
puts and the products were used as outputs. Since the forward prediction problem is com‐
paratively easier than the retrosynthesis prediction problem, we trained the forward predic‐
tion model from scratch. For example, we were able to achieve a top‐1 accuracy of exceed‐
ing 90% on the USPTO‐50K test dataset. There is no any potential data leakage issues in the
forward prediction model. We have revised the description in the main article.

In our experiments, we utilized EditRetro as the golden forward predictionmodel by training
it with the corresponding USPTO‐50K andUSPTO‐FULL training datasets. The reactants were
used as input, while the products served as the output.

Line 630: How were the similarities measured? Were SMILES tokens or molecular finger‐
prints used?

Response: Thank you for your comments. Since ourmethod is data‐driven in terms ofmolec‐
ular sequence representation, we have used SMILES tokens to calculate similarity in our ex‐
periments. We have revised the descriptions in the main article.

1https://github.com/XinhaoLi74/SmilesPE/blob/master/Examples/train_SPE.ipynb
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Secondly, we look for high similarity (e.g. 0.95 in term of SMILES sequence) between the
generated reactants and the reactants of the corresponding product in the training set.

Additional comments: I think itwould be quite difficult to forNature Communication readers
to understand how the model was trained, if they are not familiar with the “Levenshtein
Transformer”, the authors are encouraged to explain more on this.

Response: Thank you for your valuable suggestions. We have included additional descrip‐
tions of the training data for each decoder in the Training Strategy section to provide further
clarification of the training process of the model.

To simplify, the training data for the reposition decoder consists of two parts: the initial
given product string and the predicted sequence from the token decoder. Similarly, the
input training data for the placeholder decoder comprises the output sequence from the
reposition decoder and the roll‐in policies known as ”random shuffle deletion” of the target
sequence, which randomly deletes certain tokens and shuffles others. The input training
data for the token decoder primarily comes from the output sequence generated by the
placeholder decoder.

We hope that these modifications address your concerns, and we are confident that the re‐
visions have further enhanced the quality of our work. We would like to express our sincere
gratitude once again for your valuable time and effort invested in reviewing our manuscript.
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REVIEWERS' COMMENTS 

 

Reviewer #3 (Remarks to the Author): 

 

The author has addressed all the concerns from the last review, I believe it can be published in 

Nature Communications. 
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