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Abstract
Deep graph generative modeling has gained enormous attraction in recent years
due to its impressive ability to directly learn the underlying hidden graph distri-
bution. Despite their initial success, these techniques, like many of the existing
deep generative methods, require a large number of training samples to learn
a good model. Unfortunately, a large number of training samples may not al-
ways be available in scenarios such as drug discovery for rare diseases. At the
same time, recent advances in few-shot learning have opened door to applica-
tions where available training data is limited. In this work, we introduce the
hitherto unexplored paradigm of labeled graph generative modeling under data
scarcity. Towards this, we develop GSHOT, a meta-learning based framework
for labeled graph generative modeling under data scarcity. GSHOT learns to
transfer meta-knowledge from similar auxiliary graph datasets. Utilizing these
prior experiences, GSHOT quickly adapts to an unseen graph dataset through
self-paced fine-tuning. Through extensive experiments on datasets from diverse
domains having limited training samples, we establish that GSHOT generates
graphs of superior fidelity compared to existing baselines.

1 Introduction and Related Work
With recent advances in deep learning, there has been a surge in developing deep graph generative
methods that directly learn the underlying hidden distribution of graphs from the data itself [1–10].
These techniques have shown significant improvement over the traditional methods for the graph
generation task. Since many real-world graphs such as protein interaction networks [11] and drug
molecules [12] are labeled and originate from diverse domains, our focus is on learning domain-
agnostic, labeled graph generative [2, 13] model which jointly models the relationships between a
graph structure and its node/edge labels.

A well-known fact about deep generative models is that they are not well suited for applications
where training data is scarce [14]. In our study, we observe similar trends for graph deep generative
modeling. In Fig. 1a we study the impact of limiting the number of training samples available to
GRAPHGEN [2], which is the state-of-the-art method for domain agnostic labeled graph generation.
We observe that GRAPHGEN’s performance deteriorates significantly2 when the size of the training
dataset is reduced.

The lack of training graphs is often severe in many important settings such as effective drug discovery
for rare diseases [15] or speedy drug discovery during pandemics such as COVID-19 [16]. Similar
issue appears in physics while developing generative models for computationally expensive N-body
simulations [17–19].

In this context, we observe that although the availability of graphs exhibiting a specific desired
property may be limited, it may be possible to identify graph repositories exhibiting similar properties.

∗Equal contribution.
2See Sec. 4.1 for detailed understanding of the metrics.
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(a) Performance vs Number of training samples (b) The pipeline of steps in GSHOT.

Figure 1: (a) Increase in Maximum Mean Discrepancy (MMD) scores for different graph metrics
when the number of training samples (log scale) are decreased in a chemical compound dataset
(Dataset #2 in Table 3) for GRAPHGEN [2]. A higher MMD corresponds to poor fidelity. (b) Our
proposed architecture.

To elaborate, we may not have access to a large set of molecules exhibiting activity against COVID-19.
However, million-scale repositories of chemical compounds are widely available [20], from which
the broad characteristics of chemical compounds such as valency rules, correlated functional groups,
etc. may be learned. Hence, potentially, the learning task from the smaller COVID-19 repository
could be focused only on features that are unique to this set. We exploit this intuition and make the
following novel contributions:

• Problem Formulation: We formulate the problem of domain-agnostic, labeled graph generative
modeling under data scarcity. To the best of our knowledge, we are the first to investigate this
problem.

• Algorithm: We propose GSHOT, that effectively integrates meta-learning with auto-regressive
graph generative model to facilitate transfer of knowledge from a set of auxiliary graph datasets to
target graph dataset(s). Meta-learning on these auxiliary datasets fosters a high quality parameter
initialization. Subsequently, using a self-paced fine-tuning approach, GSHOT adapts to unseen
target graph dataset using a small number of training samples.

• Empirical Evaluation: We perform extensive experiments across multiple real labeled graph
datasets spanning a variety of domains such as chemical compounds, proteins, and physical
interaction systems. We establish that GSHOT is effective in learning graph distributions with high
fidelity even on datasets containing as few as 50 training samples, and significantly improves over
baselines that learn from scratch.

2 Problem Formulation 3

Definition 1 (Graph). A graph is represented as G = (V,E), where V = {v1, · · · , vn} is a set of n
nodes and E = {(vi, vj) | vi, vj ∈ V } is a set of edges. Let Lnode : V → V and Ledge : E → E be
the node and edge label mappings respectively where V and E are the set of all node and edge labels
respectively. We assume that the graph is connected and there are no self-loops.

A graph dataset D={G1, · · · , GN} is a collection of N graphs. Graph dataset D1 is considered to be
an auxiliary dataset of graph dataset D2 if D1 is similar to D2. As discussed in Sec. 1, a generic set of
chemical compounds may be considered as an auxiliary dataset to a specific subgroup of compounds
that display a desired activity against a virus. In the current context of labeled domain-agnostic graph
generative modeling, we below define the concept of graph dataset distance metric and subsequently
formally define auxiliary dataset.
Definition 2 (Graph Dataset Distance Metric). A graph dataset distance metric is a function
Λm(Di, Dj) 7→ R that takes two graph datasets Di and Dj as input and computes distance between
the two datasets as per metric Λm.

Several metrics have been proposed in the literature for comparing graph datasets [2, 13]. In Sec. 4.1
we describe various distance metrics.

3All notations used in our work are summarized in Table 2 in the appendix.
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Figure 2: Architecture of GSHOT

Definition 3 (Auxiliary Dataset). A graph dataset is considered to be an auxiliary dataset to a target
dataset if it satisfies the following conditions:

1. The node/edge label space of the target and auxiliary datasets should be similar.
2. The distances between auxiliary and target graph datasets should be low as per Defn. 2.4

Problem 1 (Graph Generative modelling). The goal of labeled graph5 generative modeling of a
dataset D of graphs is to learn a model, pθ(D), parameterized by θ, that approximates the true
latent distribution p(D) of graphs in D. The learned generative model is effective if it is capable of
generating graphs similar to those in D.

The goal is to learn a generative model over a target graph dataset DT , where |DT | is small. Since
|DT | is small, accurate modeling is hard (Recall Fig. 1a). However, if DT is accompanied with
a collection of auxiliary datasets, the generative model should be able to use this knowledge and
augment its learning. Formally, it is defined as follows.
Problem 2 (Labeled Graph Generative Modelling under Data Scarcity).
Input: A collection of auxiliary graph datasets D={D1, · · · , DB} and a target dataset DT .
Goal: To learn a graph generative model pθ(D) that is capable of leveraging the knowledge from D
and effectively adapting to the unseen target dataset DT .

3 GSHOT: Proposed Methodology
Given a set of auxiliary datasets D1, · · · , DB, first, GSHOT learns initial model parameters θ. θ
is learned in a strategic manner such that, at inference time, when an unseen target dataset DT

containing a small number of graphs are provided as input, we can fine-tune θ to new θT where
pθT (DT ) best approximates the true distribution of DT . Finally, to generate graphs, we sample from
pθT (DT ). Fig. 1b provides a visual summary of this approach.

The proposed approach draws inspiration from meta-learning [21, 22]. The main objective of meta-
learning is to learn initial model parameters for a set of tasks in such a way that they can be adapted
to various unseen target tasks having limited training data. In the context of our problem, each task
Ti refers to the graph generative modeling task for dataset Di in the auxiliary dataset D. Each task Ti
is associated with a loss function Li. During meta-training, the optimal initial parameter θ is learned
using D. Then, given an unseen target task TT corresponding to unseen graph dataset DT with an
associated loss LT , θ is fine-tuned for LT using small number of data samples of TT . When mapped
to our problem of graph generative modeling, the loss function measures how well pθT (DT ) mimics
the true distribution of DT .

3.1 Architecture Overview
Fig. 2 presents the architecture of GSHOT. In order to learn a generative model over labeled graphs
on a dataset D, we first convert graphs to sequences. This conversion allows us to leverage the
rich literature on auto-regressive generative models. Auto-regressive methods[2, 13] have obtained
superior fidelity and high scalability on domain-agnostic graph generative modeling task. Two popular
encoding schemes for encoding graphs into sequence are BFS encoding [13] and DFS encoding [2].
In our work, we choose DFS encoding. This choice is motivated by the observation that minimum
DFS codes, which is an instance of DFS encoding, provides one-to-one mapping from graphs to
sequences. In contrast, in BFS encoding, the same graph may have multiple sequence representations,
and may be exponential in the worst case with respect to the graph size. Consequently, one-to-one

4In App Sec. I we present similarity results between datasets on several metrics.
5In our paper we use the keyword graph and labeled graph interchangeably
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mapping is an attractive feature that our model can exploit, and as others have shown, it also improves
the scalability and fidelity of graph generative modeling [2].

Once graphs are converted into sequences via minimum DFS codes, as shown in Fig. 2, meta-learning
is conducted on the sequence representations to learn parameter set θ. To model sequences, we
use LSTM as shown in Fig. 2. Finally, during target-adaptation phase, the target graph database
DT is converted to the equivalent sequence representation ST , followed by fine-tuning to learn θT .
To generate graphs, we sample sequences from pθT (ST ), which are then converted to graphs. The
conversion back from a sequence to its graph representation is trivial since our DFS-encoding enables
one-to-one mapping. Hence, this conversion can be performed in O(|E|) time, where E is the set of
edges. We next deep-dive into each of these individual steps.

3.2 DFS Codes: Graph to Sequence encoding
We first formalize the concept Graph Canonization.
Definition 4 (Graph Isomorphism). Two graphs Gi = (Vi, Ei) and Gj = (Vj , Ej) are said to
be isomorphic if there exists a bijection ϕ such that for every vertex v ∈ Vi, ϕ(v) ∈ Vj and for
every edge e = (u, v) ∈ Ei, ϕ(e) = (ϕ(u), ϕ(v)) ∈ Ej . Furthermore, for labeled graphs to be
isomorphic, in addition to above conditions, the labels of mapped nodes and edges should be same,
i.e., Lnode(v) = Lnode(ϕ(v)) and Ledge(e) = Ledge(ϕ(e)).
Definition 5 (Graph Canonization). Graph canonization refers to the process of converting a graph
into a label such that graphs have the same label if and only if they are isomorphic to each other. A
label that satisfies this criteria is called a canonical label.

Now, we introduce minimum DFS codes and how it corresponds to canonical labels of graphs. DFS
code [23] is a mapping function defined over a graph G, which encodes G into a sequence of edge
tuples. To construct a DFS-code from G, first, a depth-first search (DFS) traversal is started from
an arbitrary node. During this traversal, a timestamp is assigned to each node based upon when
it is discovered. The first discovered node is assigned timestamp 0, the second discovered node is
assigned 1, and so on. Following these timestamps, each edge (u, v) is assigned a tuple of five items
⟨tu, tv, Lu = Lnode(u), Luv = Ledge(uv), Lv = Lnode(v)⟩. tu, tv are the discovery times of node
u and v respectively. Lu, Lv and Luv are labels of node u, node v and edge (u, v) respectively.

A partition of edges is created based upon the DFS traversal. The first partition consists of forward
edges that are traversed by the DFS traversal. The second partition contains backward edges, that are
not traversed during the DFS traversal. For example, in Fig. 3b, 3c, the edges depicted by solid lines
depict the forward edges, and the one’s which are dashed depict backward edges. A total ordering is
imposed on these edges following the rules described in GSPAN [23] to obtain the DFS code of a
graph. Specifically, for ordering forward edges, the process is straight forward. Forward edges are
ordered based upon their discovery time in the DFS traversal. For backward edges, the ordering is
derived based upon the following rules:

• Backward edge (u, s) must appear before all forward edges of the form (u, t).
• Backward edge (u, s) must appear after the forward edges of the form (t, u), i.e the first forward

edge which points to u.
• For backward edges of the form (u, s) and (u, s′) originating from the same source u, (u, s) is

ordered before (u, s′) if ts < t′s.

Fig. 3 shows examples of two DFS codes of a graph based on two DFS traversals. For more details
on DFS code, we refer to GSPAN[23].

Minimum DFS codes: As shown in Fig.3, a graph can have multiple DFS codes. We choose the
lexicographically smallest DFS code among all DFS codes as the minimum DFS code. It has been
shown that there exists a bijection between a graph and its minimum DFS code [23]. Hence, minimum
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DFS codes are canonical labels. Using minimum DFS codes, we encode each graph G = (V,E)
in dataset D as a sequence of m edge tuples S = (s1, . . . , sm) where m = |E| and each si is an
edge tuple of the form ⟨tu, tv, Lu, Luv, Lv⟩. We use the notation F(G) = S to denote the minimum
DFS code S of graph G. Applying F on all graphs of dataset D, we obtain a collection of edge tuple
sequences S = {F(G) | ∀G ∈ D} for all graphs in dataset D.

Computation Complexity: We note that computing the minimum DFS code of a graph is equivalent
to performing graph isomorphism tests. In the literature, no polynomial time algorithm exists for
detecting graph isomorphism. Fortunately, for labeled graphs, it has been shown that minimum DFS
codes can be computed very efficiently[2, 23].
3.3 Modeling Graph Sequences
Minimum DFS codes are of sequential nature. We model each sequence S=(s1, · · · , sm) using an
auto-regressive model[2] as follows:

p(S) = p(s0)

m+1∏
i=1

p(si|s0, · · · , si−1) (1)

where m=|E| is the number of edges, s0 is a start-of-sequence SOS token and sm+1 is end-of-
sequence EOS token to allow variable length sequences. To learn the parameters for these sequential
conditional distributions, we use Recurrent Neural Networks. Specifically, we use LSTM [24], which
efficiently models long-range dependencies. Formally,
hi = LSTMhidden

θ

(
h0,

(
femb
θ (s0) . . . f

emb
θ (si−1)

))
= LSTMhidden

θ

(
hi−1, f

emb
θ (si−1)

)
(2)

where LSTMθ is a function representing an LSTM cell. femb
θ is an embedding function that takes

one-hot encoding of si−1 as input and produces a d-dimensional compressed vector. h0 is initialized
to 0. Finally, assuming that si.tu, si.tv, si.Lu, si.Luv, si.Lv are independent6 given hi, we predict
si = ⟨tu, tv, Lu, Luv, Lv⟩ as follows.

s̃i =
〈
f tu
θ (hi), f

tv
θ (hi), f

Lu

θ (hi), f
Luv

θ (hi), f
Lv

θ (hi)
〉

(3)

where each fθ is a function representing a fully connected Multi-layered Perceptron (MLP). Note
that every function in this discussion is parameterized by θ (indicated by the subscript). Finally, we
define the loss LD specific to sequence (graph) generation task TD on dataset D as follows:

LS = −
m+1∑
i=1

∑
c

(si[c] log s̃i[c] + (1− si[c]) log (1− s̃i[c])) , LD =
∑
S∈S

LS (4)

Here c is the component index of one-hot vector si and predicted vector s̃i. S is the collection of graph
sequences S derived by encoding every graph G∈D using minimum DFS coding function F(G).

3.4 Meta-Learning for Labeled Graph Generative Modeling under limited availabiltiy of data
Up until now, we have defined parameters θ of graph generative model pθ(D). As motivated, we
want to find an initialization of θ such that it can quickly learn to generate graphs from unseen dataset
DT having small number of training graph samples. Specifically, we train θ on graphs from auxiliary
datasets to learn initial parameters. To do this, we build upon the REPTILE framework [25]. REPTILE
is a first-order meta-learning algorithm, wherein it uses first-order gradients to learn θ, and is therefore
computationally and memory efficient. GSHOT, using REPTILE, extracts the meta-knowledge to
obtain an effective initialization and an ability to adapt to the target dataset using limited fine-tuning
samples. More concretely, GSHOT optimizes the below objective function in order to learn good
initialization of θ:

min
θ

ELD∼D

[
LD(θKD )

]
, (5)

where θKD are the updated parameters after K gradient updates of θ from dataset D as follows:

θ0 = θ and θiD = θi−1D − α∇θi−1LD ∀i ∈ [1 . . .K] (6)
Here hyper-parameter α controls the meta-learning rate. Finally using the K step updated parameters
θKD , we optimize Eq. 5 as follows:

θ = θ + ϵ
(
θKD − θ

)
(7)

where ϵ and K are hyper-parameters of GSHOT. Eq. 7 updates the value of the meta-parameters θ
using a weighted combination of θ and K-step fine-tuned parameter θKD for dataset D. The parameter
ϵ can be considered as a step-size in the direction of the gradient θKD − θ. We iterate over D∼D
by computing Eq. 6 for different tasks and then using it for optimizing Eq. 5. Algorithm 1 in App.
describes the pseudocode of meta-training procedure of GSHOT.

6In Sec. G in Appendix, we study the impact of predicting the components of edge tuple conditionally
instead of independently.
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3.5 Adaptation to Target Dataset
Once GSHOT is meta-trained on diverse graph datasets, our next goal is to adapt the learned model
parameters to the target dataset DT . Essentially, first we initialize the target model parameters to the
value of the meta-trained model:

θT = θ (Initialization)

Towards our goal to optimize parameters on the target dataset, a simple approach is to update the
parameters of the model by applying multiple gradient updates using samples from target dataset DT

with its associated loss as follows:
θT = θT − α∇θTLT (gradient updates)

The above equation assumes, for every gradient update, the training data is sampled in a random
fashion from the target dataset. However, recent studies have discovered that gradually increasing the
complexity of training instances results in better learning and faster convergence [26]. Motivated by
this result, we adopt self-paced learning [27] in the fine-tuning phase of GSHOT. Towards this end,
we modify the loss LT associated with the target dataset in a way that the model is presented with
training samples of gradually increasing difficulty. Moreover, the training curriculum is dynamically
determined by the model itself based upon its perception of the difficulty of a sample. Specifically,
recall from Eq. 4 LD =

∑
S∈S LS where S is the collection of graph sequences of G ∈ D. For

self-paced learning, we modify LT as follows:

LT =

|ST |∑
i=1

βiLSi
− λ

|ST |∑
i=1

βi βi ∈{0, 1} ∀i ∈ [1 . . . |ST |] (8)

where ST={F(G) | ∀G ∈ DT }, Si∈ST , and |ST | is the number of graphs in DT . λ is an evolving
parameter that essentially controls the pace of learning. Specifically in our graph generative modeling
setting, we solve this via an iterative approach [27]. Before every gradient update as described earlier,
we first calculate the value of βi’s as follows:

βi =

{
1 if LSi

< λ

0 else
(9)

The value of βi indicates whether the ith training sample will be used or not in the loss computation
in Eq. 8 . We substitute these values in Eq. 8 and update the parameters θT . This process repeats
until convergence. The value of λ, is increased periodically by a growth factor γ to gradually allow
hard samples to be a part of the loss computation during the course of training. Algorithm 2 in App.
describes the pseudocode of the fine-tuning procedure of GSHOT.

3.6 Graph Generation
After fine tuning pθ(D) on target dataset DT , we obtain pθT (DT ). We sample graphs from this
distribution as follows. First, we pass the initial hidden state h0=0 to LSTMθT along with the SOS
symbol. At each step i, we sample si from the updated hidden state hi as follows-

si.tu ∼ Multinomial(f tu
θT
(hi)) si.tv ∼ Multinomial(f tv

θT
(hi))

si.Lu ∼ Multinomial(fLu

θT
(hi)) si.Luv ∼ Multinomial(fLuv

θT
(hi)) (10)

si.Lv ∼ Multinomial(fLv

θT
(hi)) (11)

The process is repeated until the EOS symbol is sampled for any of the five components in the
sampled tuple. Finally, this sampled sequence, representing the DFS code, is converted back to graph.
Algorithm 3 in App. presents the pseudocode of the graph generation phase.

4 Experiments
We benchmark GSHOT against state-of-the-art algorithms for graph generation and establish that:

• Higher fidelity: GSHOT generates graphs of higher fidelity than the state-of-the-art methods.
• Sample-efficient: Attributed to its capability to learn with a limited amount of data, GSHOT better

preserves graph properties compared to existing methods even when the number of fine-tuning
samples used by GSHOT are relatively less compared to other methods.

The code to reproduce the experiments can be found at https://github.com/idea-iitd/GShot.
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4.1 Experimental setup

Datasets: Since our focus is on domain-agnostic labeled graph generative modeling, we show
the effectiveness of our proposed approach using datasets from diverse domains. Moreover, in
our experiments, we use target datasets having significantly low volumes of available graphs in
comparison to other works in literature [2, 6, 13, 28]. Table 3 in App. C summaries the different
datasets. Further details on semantics of the datasets are also present in App. C.

Train-test splits: We briefly describe our datasets’ train-test split.
• Biological Domain: Each enzyme in the Enzyme dataset[11] belongs to one of six classes, namely

EC1, EC2, EC3, EC4, EC5, EC6. We treat enzymes in EC1, EC2, EC4, EC5, EC6 as auxiliary
datasets and EC3 as our target dataset, which consists of 100 enzymes. 7

• Chemical Domain: We use anti-cancer screen datasets Yeast, Breast, and Lung as auxiliary datasets
for meta-training and use the two smallest chemical datasets of AIDS-CA and Leukemia-Active as
our target set.

• Physics Domain: We meta-train GSHOT on auxiliary datasets consisting of four and six particle
spring systems and then fine-tune on graphs containing five particles.

Baselines:We benchmark the performance of GSHOT against the state-of-the-art techniques for
domain-agnostic, labeled graph generative modeling, namely GRAPHGEN [2] and GRAPHRNN [13].
We do not include GRAN[6] as a baseline since it cannot generate labeled graphs. For GRAPHGEN,
we used the code shared by authors. While, in theory, GRAPHRNN supports labeled graphs, the code
shared by the authors do not. Hence, we extend the author’s code as outlined in the supplementary
section of GRAPHRNN [13]. Both GRAPHGEN and GRAPHRNN are trained only on the target
dataset and we compare the quality of the generated graphs with that of GSHOT. This comparison
allows us to evaluate how efficient the knowledge transfer of GSHOT is as opposed to relying only
on the target dataset.

In addition, we use a third pre-training baseline introduced by us, which we will refer to as PRE-
TRAIN+FT. In this baseline, we first pre-train GRAPHGEN on the same auxiliary datasets used by
GSHOT for meta-training. Then, we fine-tune it on the target dataset. This baseline allows us to
systematically understand the impact of meta-learning against generic generative modeling. We do
not consider pre-training on GRAPHRNN, since GRAPHGEN has been shown to be superior on the
labeled graph generative modeling task [2], which is also reflected in our experiments that follows.

Evaluation setup: During meta-training of GSHOT, we use ≈50% data for training and the same
for validation. During fine-tuning to a new graph dataset, unless specifically mentioned, we use the
default split among training, validation, and test as ≈40%, ≈30%, and ≈30% respectively. Unless
specified otherwise, for training a model from scratch directly on the target dataset or fine-tuning a
model on a target dataset, we use the same number of training samples of the target dataset. For each
target dataset, this information is present in the #Target Training samples column of Table 1. The
system configuration and parameter details can be found in App. D.

Evaluation Metrics: The performance of a graph generative model is satisfactory (1) if it generates
graphs with similar properties as the source graphs, (2) but without duplicating the source graphs
themselves. To quantify these, we divide our metrics into two categories.
• Fidelity: To quantify the preservation of graph properties, we compare the distributions of graph

statistics between the ground truth graphs and the generated graphs using the following metrics.
– Structural metrics: To quantify the preservation of original graph properties, we use the

structural metrics used by GraphRNN and GraphGen: (1) node degree distribution (Degree),
(2) clustering coefficient distribution of nodes (Clustering), and (3) orbit count distribution
(Orbit) [29], which measures the number of orbits with 4 nodes. This metric captures the
higher-level motifs that are shared between generated and test graphs. We utilize Maximum
Mean Discrepancy (MMD) [30] to compute the distance between two distributions. Further, to
compare the sizes of the generated graphs against the ground truth, we measure (4) Average node
count and (5) Average edge count.

– Labeled Graph Metrics: Our work is geared towards labeled graph generation. Hence, it is
important to assess whether a generative model captures the label distribution well. Towards
that end, we compare the distribution of (1) Node Labels, (2) Edge Labels, and (3) the joint

7In Sec. I in Appendix we find similarity of target datasets with auxiliary datasets and show impact of
performance of GSHOT using different auxiliary datasets having different similarity.
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Table 1: Summary of performance by GSHOT, GRAPHGEN, GRAPHRNN, and PRETRAIN+FT
baseline on different datasets on multiple metrics. Values less than 10−3 are approximated to 0. The
best-performing model for each dataset is highlighted in bold.

Auxiliary
datasets

Target
dataset

#Target
Training
Samples

Model Deg. Clus. Orbit NSPDK Avg # Nodes
(Gen/Gold)

Avg # Edges
(Gen/Gold)

Node
Label

Edge
Label

Joint
Node
Label

& Degree

Novelty Uniqueness

Enzyme:
EC1,EC2,
EC4,EC5,
EC6

Enzyme:
EC3 50

GRAPHGEN 0.90 0.58 0.127 0.266 17.51/26.90 22.22/52.85 0.015 x 0.714 100% 100%
GRAPHRNN 0.30 0.73 0.13 0.214 20.51/26.90 36.23/52.85 0.019 x 0.696 100% 100%

PRETRAIN+FT 0.72 0.63 0.053 0.18 23.73/26.90 33.2/52.85 0.0095 x 0.619 99% 99%
GSHOT 0.45 0.47 0.025 0.16 24.5/26.90 37.69/52.85 0.004 x 0.457 100% 100%

Yeast,
Breast,
Lung

AIDS-
CA 150

GRAPHGEN 0.026 0.016 0.003 0.127 17.51/37.14 17.62/39.60 0.05 0.001 0.20 98% 97%
GraphRNN 0.15 0.47 0.045 0.14 30.5/37.14 40.19/39.60 0.193 0.005 0.836 86% 45%

PRETRAIN+FT 0.021 0.004 ≈ 0 0.11 24.1/37.14 25.22/39.60 0.013 ≈ 0 0.173 99% 99%
GSHOT 0.017 0.0015 ≈ 0 0.08 26.5/37.14 27.1/39.60 0.011 ≈ 0 0.14 99% 99%

Leukemia-
Active 500

GRAPHGEN 0.06 0.019 ≈ 0 0.17 40.02/47.71 42.23/50.37 0.02 ≈ 0 0.99 100% 100%
GraphRNN 0.06 0.554 0.032 0.34 7.17/47.71 7.51/50.37 0.39 0.017 0.83 100% 100%

PRETRAIN+FT 0.039 0.0064 ≈ 0 0.116 43.08/47.71 45.5/50.37 0.09 ≈ 0 0.79 98% 98%
GSHOT 0.0069 ≈ 0 ≈ 0 0.032 42.35/47.71 44.33/50.37 0.0011 ≈ 0 0.24 100% 100%

{4, 6}
body
Spring

5-body
Spring 500

GRAPHGEN 0.004 0.015 ≈ 0 0.016 4.98/5 5.49/5.64 0.012 x 0.011 33% 13%
GraphRNN 0.018 0.012 ≈ 0 0.029 4.71/5 5.03/5.64 0.044 x 0.017 87% 55%

PRETRAIN+FT 0.021 0.047 0.0025 0.017 4.98/5 5.19/5.64 0.011 x 0.012 70% 49%
GSHOT 0.008 0.035 ≈ 0 0.016 4.98/5 5.38/5.64 0.016 x 0.012 64% 41%

distribution of node labels and degree in the ground truth and generated graphs. We again use
MMD to quantify the distance from the ground truth.

– Topological Similarity: Finally, in order to capture topological similarity of generated graphs
with the ground truth graphs, we use Neighbourhood Sub-graph Pairwise Distance Kernel
(NSPDK) [31]. NSPDK provides the benefit of incorporating both node and edge labels along
with the structure of the graph. Specifically, NSPDK measures the distance between two graphs
by matching pairs of subgraphs with different radii and distances. The lower the MMD score for
NSPDK, the more aligned are the two graph distributions.

• Duplication and Uniqueness: A model that generates graphs with high fidelity might not be
useful in practice unless it is also capable of generating graphs that are not seen in the training
data. In order to capture this requirement, we utilize the below metrics introduced by GRAPHGEN
[2]: (1) Novelty measures the percentage of generated graphs that are not subgraphs of the set of
the training graphs. Additionally, we compute (2) Uniqueness, which captures the diversity of the
set of generated graphs. In order to quantify uniqueness, we remove the generated graphs that are
subgraph isomorphic to any of the other generated graphs. This is different from the novelty metric
as here we focus only on the generated graphs. A model that generates 100 graphs and out of which
90 are subgraph isomorphic to any of the other generated graphs has uniqueness=10%.

In order to quantify the quality of a particular metric, we generate multiple graphs for each target
dataset and compare them against the available ground truth target graphs. Details of number of
graphs generated for each dataset is present in App. D.2.

4.2 Quality
Fidelity: Table 1 shows the performance of all the models across different datasets. We observe that,
in most cases, GSHOT obtains lower MMD scores compared to baselines. In terms of the global level
graph metric NSPDK, GSHOT achieves a significant improvement even against the best performing
baselines. For instance in Leukemia-Active, for NSPDK, GSHOT obtains MMD value of 0.032
against a significantly higher value of 0.116 obtained by PRETRAIN+FT. With respect to labeled
graph metrics, we observe that GSHOT improves over state-of-the-art techniques by achieving more
than 50% lower MMD value in multiple cases. Further, GSHOT also outperforms existing techniques
in the Joint Node-Label and Degree metric signifying its ability to better jointly model the graph
structure and labels. While GSHOT achieves high quality on most fidelity metrics, however on the
node/edge count metric when the number of fine-tuning graphs becomes very low(Eg:- Enzyme
EC3 = 50 and AIDS-CA = 150), its performance deteriorates for this metric. We would also like to
highlight that modeling the edge tuple conditionally in GSHOT (see App G), improves this metric to
a certain extent on all datasets. Among all baselines only GRAPHRNN’s performance on AIDS-CA
for avg node/edge count is superior to GSHOT, however it performs worser on other fidelity metrics .
Having said that, the superior performance of GSHOT establishes the efficacy of the meta-training
procedure to learn an effective set of initial model parameters, which adapts well to low-data regimes.

Uniqueness and novelty: In addition to obtaining better fidelity in most cases, GSHOT also achieves
a higher or similar score compared to baselines on the Novelty and Uniqueness aspect. On AIDS-
CA dataset, we obtain an improvement of ≈1−2% in the uniqueness and novelty metrics against
GRAPHGEN while also achieving better fidelity scores. Additionally, for AIDS-CA, GRAPHRNN’s
performance in terms of both fidelity as well as diversity is significantly inferior to other methods.
In the case of the 5-body spring dataset, although GSHOT does not perform the best in terms of
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fidelity scores, still its uniqueness and novelty scores are significantly higher than GRAPHGEN, which
achieves a 33% novelty score and 13% uniqueness score. This indicates that GRAPHGEN mostly
generated duplicated graphs. In context of Physics dataset, we highlight that the target graphs are
extremely small i.e having only 5 nodes. It is more challenging to generate unique and diverse graphs
in this context when compared to datasets belonging to other category such as chemical/biological
where graphs are large. We observe that only GraphRNN is able to generate graphs which are more
novel and unique, however, its performance is significantly poor on all fidelity metrics. Overall, we
observe that an efficient parameter initialization obtained by GSHOT also helps in improving the
diversity of generated graphs while generating graphs with high fidelity.

50100500
0.00

0.05

0.10

0.15

0.20
M

M
D

NSPDK

50100500

Decreasing No. of Fine-tuning samples used by GShot−→
0.00

0.01

0.02

0.03
Node-Label

50100500
0.00
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0.02

0.03
Clustering

GraphGen 500 PreTrain+FT 500 GShot

Figure 4: The variation in MMD scores on different metrics when the number of fine-tuning samples
for GSHOT is reduced from 500 to 50 on the Leukemia-Active dataset. Here the suffix of 500 after
GRAPHGEN and PRETRAIN+FT depicts that the number of training samples used from the target
dataset for these baselines is 500. Note that for PRETRAIN+FT 500, the value of the Node-Label
metric (0.09) was skipped in the diagram to improve readability.

Robustness to number of fine-tuning samples: We also evaluate GSHOT’s robustness to different
sizes of the same fine-tuning dataset. Towards this end, we choose Leukemia-Active dataset as our
target dataset since due to slightly higher availability of fine-tuning data, there is a reasonable scope
to down-sample the fine-tuning data in order to understand its impact on performance. We vary the
number of fine-tuning samples available to GSHOT from 500 to 50. However, we keep the number
of fine-tuning samples for the baselines to the maximum value, i.e., 500. In Fig. 4, we observe that
GSHOT, while using less number of samples from the target dataset, still obtains lower MMD scores
on different metrics in comparison to GRAPHGEN and the PRETRAIN+FT model that used 500
samples from the target dataset. Further, the MMD scores for GSHOT increase only slightly when
the number of fine-tuning samples is reduced from 500 to 50. This is a direct consequence of our
model’s ability to adapt with a small number of training samples. Further, we would like to highlight
that the novelty and uniqueness metrics did not show any observable change in this experiment.

Ablation study: We study the improvement obtained by using self-paced fine-tuning in GSHOT over
vanilla fine-tuning in Appendix E. In App. F, we study the impact of the choice of auxiliary datasets
on the performance of graph generative modeling under data scarcity.

5 Conclusion
Research on deep graph generative modeling has progressed significantly in several directions such as
scalability to large graphs, domain agnostic modeling, handling node and edge labels, etc. However,
the problem of learning to generate graphs in low-data regimes remained unexplored. In this work, we
propose the paradigm of domain-agnostic, labeled graph generative modeling under data scarcity.
Our proposed architecture GSHOT learns to transfer meta-knowledge from auxiliary graph datasets to
a target dataset. Utilizing these prior experiences, GSHOT quickly adapts to an unseen graph dataset
through self-paced fine-tuning. GSHOT is effective in learning graph distributions on datasets with
small number of available training samples. Extensive evaluation on real graph datasets demonstrate
that graphs generated by GSHOT preserve graph structural properties significantly better than the state-
of-the-art approaches. Although, our proposed method outperforms existing state-of-the-art methods,
however, while generating these molecules, it does not take into account their molecular/chemical
properties etc. In future, we would like to work on capturing these aspects.
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7 Appendix

A Notations

Symbol Meaning

G = (V,E) A Graph with vertex set V and edge set E

n Number of nodes in G

m Number of edges in G

V Label set of vertices in G

E Label set of edges in G

D={G1, G2, · · · , GN} Dataset of N graphs

D={D1, · · · , DB} Collection of B graph datasets

tu DFS discovery time of node u

tv DFS discovery time of node v

Lu Label of node u

Luv Label of edge (u, v)

Lv Label of node v

F(G) Function to map graph to Minimum DFS code S

S = (s1, s2 . . . sm) Minimum DFS Codes of a graph

S = {S1, S2 · · ·SN} Collection of Minimum DFS codes of a dataset with N
graphs

T Set of graph generative modelling tasks

Ti Graph generative modelling task for the ith dataset

Li Loss associated with dataset Di

θ Model parameters

DT Target graph dataset

ST Collection of Minimum DFS codes for target dataset DT

θT Parameters fine-tuned to the dataset DT

βi Binary loss coefficient for ith sample in eq. 8

γ Growth parameter in self-paced fine-tuning

Table 2: Notations used in the paper
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B Pseudocodes

Algorithm 1: Pseudocode for meta-training phase of GSHOT

Input :Collection of B graph datasetsD = {D1, D2 . . . DB}, K, ϵ
Output :Good initialization of parameters θ of generative model pθ(D)
Initialise meta-parameters θ randomly.
repeat

Sample a dataset D ∈ D
S = {S = F(G) | ∀G ∈ D} // Get Minimum DFS code
θD ← θ // Dataset D specific parameters
for K times do // K inner gradient steps

S = [s1, s2 . . . sm] ∼ S
s0← SOS
h0← 0
LD ← 0
/* Computing loss LD of sequence S = [s0, s1, s2 . . . sm+1] */
for i from 1 to m + 1 do // sm+1 for EOS tokens

hi ← LSTMhidden
θ (hi−1, f

emb
θ (si−1))

s̃i ←
〈
ftu
θ (hi), f

tv
θ (hi), f

Lu
θ (hi), f

Luv
θ (hi), f

Lv
θ (hi)

〉
LD ← LD +

∑
c (si[c] log s̃i[c] + (1− si[c]) log (1− s̃i[c]))

θD ← θD − α∇θD
LD // D specific parameters’ update

Update θ ← θ + ϵ(θD − θ) // Meta gradient update
until stopping criteria // Typically when validation loss is minimized

Algorithm 2: Fine-tuning GSHOT on target dataset DT

Input :Target dataset DT , meta-trained parameters θ, batch size B, growth factor γ, λ
Output :Fine tuned parameters θT for target dataset DT

ST = {S = F(G) | ∀G ∈ DT } // Get Minimum DFS code
θT ← θ // Initializing parameters specific to target dataset DT

repeat
LT ← 0;
for B times do // Sample B graphs for every batch

S = [s1, s2 . . . sm] ∼ ST
s0← SOS
h0← 0
l← 0 // Instance specific loss
/* Computing loss l of sequence S = [s0, s1, s2 . . . sm+1] */
for i from 1 to m + 1 do // sm+1 for EOS tokens

hi ← LSTMhidden
θT

(hi−1, f
emb
θT

(si−1))

s̃i ← (ftu
θT

(hi), f
tv
θT

(hi), f
Lu
θT

(hi), f
Luv
θT

(hi), f
Lv
θT

(hi))

l← l +
∑

c (si[c] log s̃i[c] + (1− si[c]) log (1− s̃i[c]))

if l < λ then
LT = LT + l

θT ← θT − α∇θT
LT

λ = λ ∗ γ // Increase difficulty periodically
until stopping criteria // Typically when validation loss is minimized
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Algorithm 3: Pseudocode of graph generation for target dataset DT

Input :Fine tuned parameters θT of deep generative model pθT
Output :Graph G
S ← ()
s0 ← SOS
i← 0
h0 ← 0
repeat

i← i + 1

hi ← LSTMhidden
θT

(hi−1, f
emb
θT

(si−1))

// Sample si from multinomial distributions parameterized using hi

si.tu ∼Multinomial(ftu
θT

(hi))

si.tv ∼Multinomial(ftv
θT

(hi))

si.Lu ∼Multinomial(fLu
θT

(hi))

si.Luv ∼Multinomial(fLuv
θT

(hi))

si.Lv ∼Multinomial(fLv
θT

(hi))

S.append(si)

until EOS ∈ {si.tu, si.tv, si.Lu, si.Luv, si.Lv} // Check if any item of tuple si contains EOS symbol
G← F−1(S) // Convert DFScode back to graph
return G

C Dataset Semantics

Biological Domain: Proteins are biomolecules consisting of long chain of amino acids. They are
highly essential to our lives and significantly interesting in certain biomedical tasks such as de
novo protein design[32, 33]. Enzymes, a set of specialized proteins, are catalysts that can speed
up metabolic activities. In our work, we utilize the Enzyme dataset from the BRENDA enzyme
database [34], which consists of protein tertiary structures. We convert enzymes to graphs where
nodes represent secondary structures labeled into one of the three categories namely helices, turns,
or sheets. This dataset does not have edge labels. The dataset is divided into six classes and each
enzyme belongs to one of these classes, namely EC1, EC2, EC3, EC4, EC5, EC6. For our limited
data learning setup, we consider learning to generate graphs belonging to a certain enzyme class as
a task. We treat the datasets EC1, EC2, EC4, EC5, EC6 as auxiliary and EC3 as our target dataset,
which consists of 100 enzymes.

Chemical Domain: Chemical compounds are composed of two or more atoms connected using
chemical bonds. We utilize the following chemical compounds datasets to train and evaluate GSHOT.

AIDS-CA [23]: This dataset comprises of a set of molecules that displayed activity against HIV.

Breast, Lung, Yeast: Each of these three datasets contain molecules that were screened for activity
against Breast cancer, Lung cancer and cancer in Yeast respectively [12].

Leukemia-Active: This dataset consists of compounds that are active against Leukemia [12].

In all chemical datasets, we convert compounds to labeled graphs where nodes represent atoms and
their labels represent atom-type which are elements belonging to the chemical periodic table. Edges
in the graphs represent bonds and edge labels encode the bond type i.e single, double, triple.

For the limited data learning setup for chemical domain, Yeast, Breast, and Lung are used as auxiliary
datasets during meta-training. Further, we choose AIDS-CA and Leukemia-Active datasets as our
target datasets. The reasons for this choice is (1) due to their relatively low availability of number
of graph samples and (2) since they consist of compounds that are active against certain diseases,
therefore have more practical utility.

Physics Domain: Physics-based simulations are commonly used to understand interactions among
different objects[17–19]. Dynamical systems such as N -body springs can be converted into graph
structures where nodes represent particles and edges represent connections between particles. We
utilize the dataset of the N -body spring simulations [19]. It consists of N particles in a two-
dimensional space partitioned into a 5×5 grid . Two particles are connected to each other via spring
with a probability of 0.5. The label of a node is the partition it lies in. This system does not have edge
labels[19]. For learning under limited data, we meta-train GSHOT on auxiliary datasets consisting of
four and six particle systems and then fine-tune on graphs containing five particles.

14



Generative Modeling of Labeled Graphs under Data Scarcity

Table 3: Summary of the datasets

# Name Domain No. of graphs |V | |E| |V| |E|

1 Enzymes[11] Biological 600 [2, 125] [2, 149] 3 X
2 NCI-H23 (Lung)[12] Chemical 24k [6, 50] [6, 57] 11 3
5 Yeast[12] Chemical 47k [5, 50] [5, 57] 11 3
7 MCF-7 (Breast)[12] Chemical 23k [6, 111] [6, 116] 11 3
6 Leukemia-Active[12] Chemical 1900 [12, 107] [12, 111] 11 3
6 AIDS-CA[12] Chemical 328 [10, 189] [10, 196] 11 3
8 N-body Spring[19] Physics 1500 N [3, 13] 25 X

D Experimental Setup and Reproducibility
All experiments are performed on a machine with Intel Xeon Gold 6284 processor with 96 physical
cores, 1 NVIDIA A100 GPU card with 40GB GPU memory, and 512 GB RAM running Ubuntu
20.04 operating system.

D.1 Parameter details

We set hidden dimension of fLu

θ , fLv

θ , fLuv

θ , f tu
θ , f tv

θ to 512. We utilize Adam optimizer with
learning rate as 0.003. Further to avoid over-fitting we use dropout with value of 0.2 and an L2
regularizer with value of 10−5. We set batch size to 32. For meta-training of GSHOT we used K=15
and ϵ = 0.8. For Enzyme we set K = 50 and ϵ = 0.5. During fine-tuning, we used the value of
the growth-factor γ=1.001 for both Leukemia-Active and Enzyme, 1.006 for AIDS-CA and 1.1 for
5-body spring. For all methods, we stop training when validation loss is minimized or there is less
than 0.05% change in validation loss over a number of extended epochs.

D.2 Number of graphs generated

Since our test datasets are of different sizes, AIDS-CA (108), Leukemia-Active (900), Enzyme-
EC3 (20), 5-body Spring (500), we generate a different number of graphs for each target dataset.
Specifically, for Leukemia-Active we generate 2560 graphs, 1024 graphs each for AIDS-CA and
5-body spring, and for Enzyme EC3 we generate 512 graphs.

E Impact of Self-paced fine tuning
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Figure 5: Ablation study showing the relative (%) improvement obtained by GSHOT when using
self-paced fine-tuning compared to GSHOT with vanilla fine-tuning.

We study the improvement obtained by using self-paced fine-tuning in GSHOT over vanilla fine-tuning
on different metrics. For a metric P , we define the improvement as PGSHOT(vanilla)−PGSHOT

PGSHOT
× 100. Here,

PGSHOT refers to the value of the metric P obtained by our default model (with self-paced fine tuning),
and PGSHOT(vanilla) refers to the value obtained by GSHOT with vanilla fine-tuning. In Fig. 5 we
observe that a self-paced fine-tuning strategy can improve the fidelity metrics significantly.

F Impact of auxiliary datasets
In this section, we study the performance of our proposed architecture by selecting different auxiliary
datasets during meta-training. Towards this, we choose Enzyme dataset since it consists of 5 auxiliary
datasets and has reasonable scope to sample multiple sets of auxiliary datasets from it. For this
experiment we sample(without repetition) sets of 3 auxiliary datasets 5 times(eg:- {EC1, EC4, EC5},
{EC2, EC5, EC6} etc.). We train 5 GSHOT models with these 5 different sets of auxiliary datasets.
We then fine-tune these 5 trained models on the target dataset(EC3). We use the same set of auxiliary
datasets for training the PRETRAIN+FT baseline. In Table 4, we report the mean performance on
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each metric along with standard deviation obtained using these 5 models. For results of training
graphGen and GRAPHRNN from scratch directly on the target dataset EC3(without auxiliary datasets),
refer to Table 1 in the main paper.

Table 4: Performance on variation of auxiliary datasets: Performance comparison on the Enzyme
EC3 dataset when different sets of auxiliary datasets are used for meta-training GSHOT and for
training the PRETRAIN+FT baseline. For GSHOT and PRETRAIN+FT, we report the mean and
standard deviation since their performance is averaged across models using different sets of auxiliary
datasets used for (meta/pre) training.

Target dataset Model Deg. Clus. Orbit NSPDK Avg # Nodes
(Gen/Gold)

Avg # Edges
(Gen/Gold)

Node
Label

Edge
Label

Joint Node
Label & Degree

Novelty Uniqueness

Enzyme:EC3
#Training
samples=50

PRETRAIN+FT 0.731 0.585 0.060 0.191 20.596/26.90 28.658/52.85 0.006 x 0.644 98.50% 98.70%
±0.077 ±0.066 ±0.012 ±0.007 ±1.150 ±1.265 ±0.002 x ±0.026 ±0.005 ±0.004

GSHOT
0.710 0.554 0.053 0.188 20.742/26.90 29.212/52.85 0.004 x 0.634 98.11% 98.12%
±0.07 ±0.067 ±0.009 ± 0.005 ± 1.04 ± 1.27 ± 0.001 x ±0.018 ± 0.008 ± 0.009

In Table 4, we observe that GSHOT obtains superior performance when trained using different sets of
auxiliary datasets. For instance, on the Node label metric, GSHOT outperforms its closest competitor
PRETRAIN+FT by around 50%. Further, it outperforms its closest competitor by over 10% on the
Orbit metric. Overall, we observe that GSHOT learns to better utilize the knowledge gained from a
variety of auxiliary datasets.

G Learning to conditionally predict elements of edge tuple of DFS code
We assumed independence between components of edge tuple in order to simplify the modeling
process. We also performed experiments by removing the independence assumption and making the
prediction of components of edge tuple ⟨tu, tv, Lu, Luv, Lv⟩ conditional on other elements. In order
to model the conditional distribution, an order has to be imposed on the components of an edge tuple
⟨tu, tv, Lu, Luv, Lv⟩. As discussed in Sec. 3.2, in the generation process of DFS code for a graph,
first a node is discovered and consequently its discovery time tu is recorded. Since this component
depends upon the hidden state of the DFS code sequence, we first predict the timestamp tu of the edge
tuple using the hidden state hi of LSTM. Now, in order to form an edge, the node with timestamp
tu is to be connected to node with discovery timestamp tv. Since tv depends upon the hidden state
hi and the timestamp tu of the discovered node, we concatenate the hidden state embedding hi and
embedding emb(tu) of the timestamp tu and predict the timestamp tv . Now, for the remaining three
components Lu , Lv and Luv , we first predict the label of u and then v in order. This choice promises
to improve likelihood of generating node labels Lv that have high probability of forming edges with
nodes having label Lu and vice-versa. Finally, since the edge label between two nodes is a function
of the node type(labels), therefore, we condition the edge label Luv on the embedding of labels Lu

and Lv of the edge tuple. The details of the conditional modeling are presented below:

tu = MLP (hi)

tv = MLP (hi|emb(tu))

Lu = MLP (hi|emb(tu)|emb(tv))

Lv = MLP (hi|emb(tu)|emb(tv)|emb(Lu))

Luv = MLP (hi|emb(tu)|emb(tv)|emb(Lu)|emb(Lv))

Here emb refers to learnable embedding layer whose parameters are learnt during the training process.

To evaluate the performance of the above conditional prediction of the edge tuple, we ran experiments
on the target dataset Leukemia-Active, Enzyme EC3 and AIDS-CA dataset . The results are presented
in table 5. We denote the model with Independence assumption(default) as Ind, and the model with
conditional prediction of components in edge tuple as Cond. On all datasets we observe that for the
metrics Avg #nodes and Avg #edges, the models with conditional modeling of edge tuple convincingly
outperforms the model(s) with the independence assumption. This signifies that sequence length
has been better modelled in GSHOT when components of the edge tuple are modeled conditionally
in comparison to when modeled independently. However, on the other distance metrics, we do not
observe clear performance improvements.

16



Generative Modeling of Labeled Graphs under Data Scarcity

Target dataset Model Deg. Clus. Orbit NSPDK Avg # Nodes
(Gen/Gold)

Avg # Edges
(Gen/Gold)

Node
Label

Edge
Label

Joint
Node
Label

& Degree

Novelty Uniqueness

Leukemia-Active GSHOT (Ind) 0.0069 ≈ 0 ≈ 0 0.032 42.35/47.71 44.33/50.37 0.0011 ≈ 0 0.24 100% 100%
GSHOT (Cond) 0.01 ≈ 0.003 ≈ 0 0.06 46.37/47.71 49.23/50.37 0.003 ≈ 0 0.44 100% 100%

AIDS-CA GSHOT (Ind) 0.017 0.0015 ≈ 0 0.08 26.5/37.14 27.1/39.60 0.011 ≈ 0 0.14 99% 99%
GSHOT (Cond) 0.01 0.004 ≈ 0 0.07 28.44/37.14 30.50/39.60 0.007 ≈ 0 0.12 98.33% 98.43%

Enzyme EC3 GSHOT (Ind) 0.45 0.47 0.025 0.16 24.5/26.90 37.69/52.85 0.004 x 0.457 100% 100%
GSHOT (Cond) 0.43 0.60 0.03 0.20 27.50/26.90 42.55/52.85 0.007 x 0.58 99.4% 98.8%

Table 5: Conditional vs Independent modeling of edge tuple: Performance obtained by different
models on different datasets on multiple metrics when components of edge tuples are predicted
independently(Ind) vs when they are predicted conditionally(Cond).

H Using transformer for sequence Modelling
We integrated transformer [35] for modeling the sequences. We present the results in the table 6
when compared with current LSTM-based architecture.

On all datasets, we do not observe clear performance improvements.

Target dataset Model Deg. Clus. Orbit NSPDK Avg # Nodes
(Gen/Gold)

Avg # Edges
(Gen/Gold)

Node
Label

Edge
Label

Joint
Node
Label

& Degree

Novelty Uniqueness

Leukemia- Active GSHOT (LSTM) 0.0069 ≈ 0 ≈ 0 0.032 42.35/47.71 44.33/50.37 0.0011 ≈ 0 0.24 100 100
GSHOT(Transformer) 0.0256 ≈ 0.0067 ≈ 0.0018 0.1983 50.22/47.71 54.57/50.37 0.011 ≈ 0.00104 0.522 100 99.85

AIDS-CA GSHOT (LSTM) 0.017 0.0015 ≈ 0 0.08 26.5/37.14 27.1/39.60 0.011 ≈ 0 0.14 99% 99%
GSHOT (Transformer) 0.03044 0.001543 0.000680 0.100 27.10/37.14 28.64/39.60 0.02865 0.00089 0.2220 100% 99.70%

Enzyme EC3 GSHOT (LSTM) 0.45 0.47 0.025 0.16 24.5/26.90 37.69/52.85 0.004 x 0.457 100% 100%
GSHOT (Transformer) 0.7827 0.5871 0.06490 0.2677 25.58/26.90 35.99/ 52.85 0.0177 x 0.6508 96.28% 97.38%

Table 6: Comparison of Transformer based model with LSTM(default) based modeling.

I Similarity of Target Dataset with Auxiliary Datasets and Impact on
Performance

We compare our target datasets specifically Enzyme EC3 and Leukemia-Active with a variety of
auxiliary datasets on different graph distance metrics in Table 7 below. For instance, we observe that
Leukemia-Active target dataset has more similarities with chemical datasets such as Breast, Lung and
Yeast. Additionally, we observe it is highly dis-similar with datasets belonging to Enzyme(Biological)
category. Similarly, in Table 7 below we observe that Enzyme EC3 dataset is highly similar to other
Enzyme datasets and dis-similar to datasets such as Breast, Lung and Yeast.

Further, to understand the impact of choosing different auxiliary datasets based upon their similarity
to target dataset, we train GSHOT with different sets of auxiliary datasets. In Table 8, we observe
GSHOT convincingly performs better when auxiliary datasets that are similar to target datasets
are chosen for meta-training. Specifically, GSHOT trained with Yeast,Breast and Lung as auxiliary
datasets significantly outperforms GSHOT meta-trained with Enzyme datasets, when the target dataset
is Leukemia-Active. Similar conclusion is observed on Enzyme EC3 dataset in Table 8.
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Target dataset Auxiliary Dataset Deg. Clus. Orbit NSPDK Avg # Nodes
(Target/Aux)

Avg # Edges
(Target/Aux)

Node
Label

Edge
Label

Joint Node
Label

& Degree

Leukemia-
Active

Breast 0.007 0.0008 0.0003 0.07 47.0/55.83 49.61/59.35 0.007 ≈ 0 0.029
Lung 0.001 ≈ 0 0.0002 0.065 47.0/40.0 49.61/41.82 0.012 ≈ 0 0.05
Yeast 0.0044 ≈ 0 ≈ 0 0.07 47.0/32.70 49.61/34.03 0.02 0.002 0.059

Enzyme EC1 1.41 1.28 0.16 0.47 47.0/29.73 49.61/58.52 1.85 x 1.15
Enzyme EC2 1.33 1.22 0.15 0.49 47.0/32.88 49.61/63.16 1.91 x 1.36
Enzyme EC3 1.36 1.28 0.25 0.47 47.0/28.91 49.61/56.50 1.87 x 1.16
Enzyme EC4 1.39 1.18 0.22 0.48 47.0/37.47 49.61/74.00 1.90 x 1.25
Enzyme EC5 1.23 1.12 0.10 0.46 47.0/27.61 49.61/51.17 1.89 x 1.09
Enzyme EC6 1.28 1.31 0.09 0.48 47.0/30.49 49.61/60.01 1.90 x 1.34

Enzyme
EC3

Enzyme EC1 0.042 0.20 0.03 0.055 28.35/39.85 53.89/70.63 0.007 x 0.08
Enzyme EC2 0.024 0.09 0.04 0.055 28.35/28.44 53.89/70.63 0.029 x 0.12
Enzyme EC4 0.021 0.11 0.008 0.050 28.35/37.79 53.89/74.27 0.012 x 0.047
Enzyme EC5 0.007 0.088 0.008 0.056 28.35/33.6 53.89/64.33 0.024 x 0.05
Enzyme EC6 0.031 0.42 0.05 0.054 28.35/30.33 53.89/59.99 0.019 x 0.096

Yeast 1.39 1.28 0.27 0.47 28.35/34.63 53.89/56.09 1.86 x 1.11
Breast 1.37 1.287 0.26 0.49 28.35/44.01 53.89/46.26 1.89 x 1.15
Lung 1.39 1.288 0.271 0.46 28.35/36.63 53.89/38.40 1.875 x 1.121

Table 7: Distance of target datasets with different auxiliary datasets on a variety of distance metrics.
The auxiliary datasets highlighted in bold are highly similar to the target datasets.

Target dataset Auxiliary Dataset Model Deg. Clus. Orbit NSPDK Avg # Nodes
(Gen/Gold)

Avg # Edges
(Gen/Gold)

Node
Label

Edge
Label

Joint
Node
Label

& Degree

Novelty Uniqueness

Leukemia-Active Yeast, Breast, Lung GSHOT 0.0069 ≈ 0 ≈ 0 0.032 42.35/47.71 44.33/50.37 0.0011 ≈ 0 0.24 100% 100%
Enzyme(1,2,3,4,5,6) GSHOT 0.07 0.005 0.001 0.20 39.38/47.71 41.32/50.37 0.022 ≈ 0 1.08 100% 100%

Enzyme EC3 Enzyme(1,2,4,5,6) GSHOT 0.45 0.47 0.025 0.16 24.5/26.90 37.69/52.85 0.004 x 0.457 100% 100%
Yeast, Lung, Breast GSHOT 0.54 0.62 0.029 0.21 22.89/26.90 34.33/52.85 0.007 ≈ 0 0.62 99.8% 99.8%

Table 8: Impact of different auxiliary datasets on quality of GSHOT. We observe that when auxiliary
datasets are similar to target dataset(as per table 7), the performance of GSHOT is significantly better.
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