
A Experimental details688

In this section, we elaborate on our experimental setup. We view a set of molecules as a single689

potentially disconnected graph. We follow the procedure outlined in Igashov et al. [17] and introduce690

a “dummy” node as an atom type. The graph of reactant molecules has at least as many nodes as691

the product molecule graph. During training and inference for RETRO PRODFLOW, we append ten692

dummy nodes to each product molecule. This covers 99.4% of the reactions in the USPTO-50k test693

dataset. Following Igashov et al. [17], the remaining reactions are removed from the test data. During694

inference, these dummy nodes are potentially transformed into true atom nodes. Similarly, we also695

append ten dummy nodes to the synthon molecule graphs when using RETRO SYNFLOW. There696

are 16 atom types (not including dummy atoms) and 4 bond types (not including no bond). Our697

methods are implemented in PyTorch [25], and we also use an open-source software RDKit [20], for698

operations involving chemical reactions and molecular graphs.699

A.1 Neural Network Model700

We use a graph transformer network [10, 45] also used by Igashov et al. [17] to model the denoiser701

pθ of the flow matching process. The denoiser model takes a noisy graph (v,E) and graph-level702

features y as input and outputs probabilities of graphs over the data distribution. In the case of RETRO703

PRODFLOW, the product molecule graph is also provided as input to the denoiser model. This is done704

by appending the product molecule graph’s node feature vector and adjacency matrix to the node705

feature vector and adjacency matrix of the noisy graph. For RETRO SYNFLOW, both the product706

molecule graph and synthon molecule graph are provided as input.707

The graph transformer network is similar to the standard transformer architecture and con-708

sists of a graph attention module depicted in Figure 6. The graph attention module takes in709

input node features v, edge features E, and graph-level features y. The FiLM is defined as710

FiLM(M1,M2) = M1W1 + (M1W2)⊙M2 +M2 where W1,W2 are learnable weights. Also,711

PNA is defined as PNA(v) = cat(max(v),min(v),mean(v), std(v))W where W is a learnable712

weight.713
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Figure 6: An overview of the graph attention module used in the graph transformer network. The
output features are passed through a normalization layer and a fully connected layer at the end.
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A.2 Training714

Our training runs are done on either an NVIDIA RTX 3090 (24 GB of memory) or V100 (32 GB of715

memory). We train all of our models up to 600 epochs which can take up to 32 hours. We compute716

top-k accuracy metrics on a portion of the validation set every fixed number of epochs and select the717

checkpoint that has the highest top-1 accuracy. The models are trained using a batch size of 32. We718

use AdamW [23] with a learning rate of 0.0002.719

A.3 Additional Features720

We utilize the additional features proposed by [45] and used in Igashov et al. [17] as input to our721

models. We briefly state these features here for completeness.722

Cycles. Message Passing Neural Networks cannot detect graph cycles, so we add them as features723

using formulas up to cycles of size 6. We compute node-level features (how many cycles does this724

node belong to) up to size 5 and graph-level features (how many cycles does this graph have) up725

to size 6. Fortunately, we can use formulas to compute the graph-level features yi and node-level726

features Xi, which can be efficiently computed on the GPU. In the following formulas, d denotes the727

vector containing node degrees and ∥·∥F denotes the Frobenius norm:728

X3 = diag(A3)/2

X4 =
(
diag(A4)− d(d− 1)−A(d1T

n )1n

)
/2

X5 =
(
diag(A5)− 2 diag(A3)⊙ d−A((diag(A3)1T

n )1n) + diag(A3)
)
/2

y3 = XT
3 1n/3

y4 = XT
4 1n/4

y5 = XT
5 1n/5

y6 = Tr(A6)− 3Tr(A3 ⊙A3) + 9∥A(A2 ⊙A2)∥F
− 6

〈
diag(A2), diag(A4)

〉
+ 6Tr(A4)− 4Tr(A3)

+ 4Tr(A2A2 ⊙A2) + 3∥A3∥F − 12Tr(A2 ⊙A2) + 4Tr(A2).

Spectral Features. We compute graph-level features: the number of connected components (which729

is the multiplicity of the 0 eigenvalue), and the first 5 non-zero eigenvalues of the graph Laplacian.730

We also compute node-level features: an estimate of the biggest connected component and the first731

two eigenvectors associated with the first two non-zero eigenvalues. Since molecular graphs in732

USPTO-50k have fewer than 100 nodes, the computation of these spectral features is not a concern.733

B Additional Ablation Studies734

In this section, we provide some additional ablation studies examining the performance of our735

methods. In Table 5, we evaluate the performance of RETRO PRODFLOW-RS when sampling736

N = 100 reactants with M = 2 synthon predictions. We vary N1, the number of reactant predictions737

generated for the highest ranking synthon prediction from the reaction center identification model.738

We verify that we need to generate more reactants for the highest-scoring synthon prediction to obtain739

competitive top-k accuracy. Next, we conduct a study to understand how the number of sampling740

steps affects the performance of flow matching compared to RetroBridge. We find that T = 50741

sampling steps is sufficient for RETRO PRODFLOW to obtain SOTA results. Although RetroBridge742

achieves a higher accuracy at T = 5 or T = 10 sampling steps compared to flow matching, both743

methods fail to reach competitive performance. At T = 50 steps, RETRO PRODFLOW achieves some744

improvement over RetroBridge.745

We also investigate the inference time required by RETRO SYNFLOW to sample N = 100 reactants746

with T = 50 sampling steps. We run this test on an RTX 3090 with 24 GB of memory. The747

average time required to sample 100 reactants for each product molecule in USPTO-50k test dataset748

is 5.46± 2.95 seconds.749
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Table 5: Top-k accuracy (exact match) on the USPTO-50k validation dataset of RETRO SYNFLOW
with M = 2 synthon predictions, sampling N = 100 reactants and varying the split. Given N1, we
have N2 = 100−N1.

Top-k Accuracy

N1 k = 1 k = 3 k = 5 k = 10

90 58.2 77.4 81.9 84.4

80 58.3 78.0 82.3 84.7

70 58.1 77.5 82.0 84.6

60 56.6 77.0 81.6 84.5

50 48.5 76.1 81.2 84.2
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Figure 7: The performance of RETRO PRODFLOW and RetroBridge as we vary the number of
sampling steps.

C Round-trip Visualization750

This section provides a short case study analyzing the outputs of RETRO PRODFLOW and RETRO751

PRODFLOW-RS with K = 2 particles. We aim to understand how top-k accuracy can decrease752

when applying inference-time steering to guide generations towards outputs that optimize round-trip753

accuracy. We look at the top-1 accuracy results on the USPTO-50k test dataset for simplicity. Our754

main finding from this ablation is that it is still possible for RETRO PRODFLOW to generate reactants755

that are incorrect, i.e., do not match the true reactants and are not feasible, i.e., the forward synthesis756

model prediction does not match the ground-truth product. Table 6 shows how steering based on757

a round-trip reward affects the incorrect/correct prediction made by RETRO PRODFLOW. In total,758

257 correct examples in the test dataset get converted to incorrect examples when applying reward759

steering. On the other hand, 251 incorrect examples are converted to correct examples when applying760

steering. As we increase the number of particles, i.e., increase the strength of steering, this gap761

widens. This results in an overall decrease in exact-match accuracy as we force reactants towards762

more diverse and feasible predictions. Figures 8 and 9 show the visualizations between the outputs763

of RETRO PRODFLOW and RETRO PRODFLOW-RS. The predicted product column refers to the764

prediction of the forward-synthesis model given the predicted reactants as input.765

D Additional Sampling Scheme766

Recently, there has been increasing interest in developing advanced adaptive sampling schemes for767

discrete diffusion and flow matching models [15, 27, 19, 26]. These developments aim to reduce768

errors in the generation process while improving inference speed. As explained in Section 2.1, we769

update the intermediate sample xt using the following transition kernel, xi
t+h ∼ Cat(xi

t+h; δ(x
i
t) +770

hui
t(x

i
t+h,xt)), which is analogous to the Euler update step in continuous flow matching. Inspired771
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Table 6: Top-1 predicted reactants from RPF and RPF-RS quantified into four categories. The
round-trip match column indicates whether the prediction made by RPF-RS is a round-trip match.

RPF RPF-RS Round-Trip Match Count Percentage
Correct Incorrect T 225 4.5
Correct Incorrect F 32 0.64

Incorrect Correct T 226 4.5
Incorrect Correct F 25 0.50
Correct Correct T 1848 36.9
Correct Correct F 388 7.7

Incorrect Incorrect T 1810 36.1
Incorrect Incorrect F 453 9.0

Product True Reactants

Predictions

Product True Reactants

PredictionsPredicted  
Product

Figure 8: A visualization of reactions where RETRO PRODFLOW-RS generates an incorrect reactant
prediction that is still feasible, while the RETRO PRODFLOW generates the correct reactant prediction.
There are 225 examples in the test set that correspond to this case.

Product True Reactants

Predictions

Product True Reactants

PredictionsPredicted  
Product

Figure 9: A visualization of reactions where RETRO PRODFLOW-RS generates an incorrect reactant
prediction that is infeasible. RETRO PRODFLOW generates the correct reactant prediction. There are
32 examples in the test set that correspond to this case.
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by this analogy, we explore a higher-order sampling scheme [27] based on the Runge-Kutta (RK)772

method for solving ODEs. The update step for the method is as follows:773

x̂i
t+h ∼ Cat(x̂i

t+h; δ(x
i
t) + hui

t(x̂
i
t+h,xt)) (3)

xi
t+h ∼ Cat

(
xi
t+h; δ(x

i
t) +

1

2
hui

t(x
i
t+h,xt) +

1

2
hui

t+h(x
i
t+h, x̂

i
t+h)

)
. (4)

This update step requires two model evaluations from pθ instead of one. Table 7 compares the774

performance of RETRO PRODFLOW using this sampling scheme with 25 steps against RETRO775

PRODFLOW using the Euler-inspired sampling scheme with 50 steps.776

Table 7: Top-k accuracy of RPF on the USPTO-50k test set sampling N = 50 reactants per product.
Model 1 3 5 10

RPF 49.6 73.3 79.6 83.6

RPF (RK 25 steps) 49.3 71.2 76.4 80.0

RPF (RK 50 steps) 49.3 72.5 78.6 82.3

E Predictions Visualization777

We provide some additional visualizations of the generated reactants from our methods. In the778

following figures, an “E” represents an exact-match between the prediction reactant and an “R”779

indicates a round-trip match but not an exact-match. We show the top-3 reactants.780

Product Predictions Reactants

Figure 10: Visualizations of predictions made by RETRO PRODFLOW. Examples are taken from the
USPTO-50k test set randomly.
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Product Synthons Predictions Reactants

Figure 11: Visualizations of predictions made by RETRO SYNFLOW. Examples are taken from the
USPTO-50k test set randomly.

Product Predictions Reactants

Figure 12: Visualizations of predictions made by RETRO PRODFLOW-RS. Examples are taken from
the USPTO-50k test set randomly.
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