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ABSTRACT

Graph Neural Networks (GNNs) have recently achieved good per-
formance in many predictive tasks involving graph-structured data.
However, the majority of existing models consider static graphs
only and do not support training on graph streams. While induc-
tive representation learning can generate predictions for unseen
vertices, these are only accurate if the learned graph structure and
properties remain stable over time. In this paper, we study the prob-
lem of employing experience replay to enable continuous graph rep-
resentation learning in the streaming setting. We propose two online
training methods, Random-Based Rehearsal-RBR, and Priority-Based
Rehearsal-PBR, which avoid retraining from scratch when changes
occur. Our algorithms are the first streaming GNN models capable
of scaling to million-edge graphs with low training latency and
without compromising accuracy. We evaluate the accuracy and
training performance of these experience replay methods on the
node classification problem using real-world streaming graphs of
various sizes and domains. Our results demonstrate that PBR and
RBR achieve orders of magnitude faster training as compared to
offline methods while providing high accuracy and resiliency to
concept drift.
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1 INTRODUCTION

Graph streams can represent continuous interactions and evolving
relationships in a variety of datasets. The structure of social net-
works gradually changes as new friendship relations are formed and
others disappear, online discussion networks grow as users interact
with each other, and financial transaction networks expand with
every new purchase. The streaming nature of real-world graphs
poses a challenge to emerging Machine Learning (ML) applications
to train adaptive models, capable of resilient continuous learning.
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Graph representation learning is a foundational methodology for
understanding and analyzing complex graphs and their latent prop-
erties [17-19]. It involves learning the encoding for vertices, edges,
and their features into low-dimensional spaces, such as a set of
vectors, also known as node embeddings. Node embeddings enable
the application of ML techniques, such as node classification, on
graphs and have been used in recommender systems, social network
analysis, chemical synthesis, and financial networks [15, 23, 46].
Embeddings can preserve the graph’s structural and semantic prop-
erties (features) even at such low-dimensional spaces. However,
most existing representation learning approaches either require the
full graph to be known a priori during training [23, 53] or ignore
associated attributes and assume that structural properties remain
stable as new nodes and edges are added to the network [28].

Currently, there exist three approaches to incorporate graph
changes in graph representation learning methods: (i) train on an
initial graph snapshot and then use the trained model on future
streaming updates, (ii) periodically retrain the model from scratch
on snapshots of increasing size, or (iii) periodically retrain the
model on snapshots consisting of fresh data only. The first method
leads to deteriorating model accuracy since the data distribution
can change arbitrarily over time [18, 42]. Whereas, the second
method cannot be sustained over unbounded graph evolutions due
to its increasing computational and spatial complexities. Finally,
the latter approach can support concept drift, yet, it is prone to
catastrophic forgetting [11], i.e., training a representation only on
new data leads to (possibly complete) loss of previously learned
training data. Given the size of most web-scale graphs and the
rapid speed upon which change is introduced, there is an evident
need of new methodologies for the timely yet accurate learning
and updating of streaming graph representations.

Table 1 summarizes the capabilities of recent methods in graph
representation learning in terms of (i) supporting incremental train-
ing on graph streams vs. requiring retraining from scratch and
(ii) their ability to provide efficient re-training as the graph grows.
ContinualGNN [44] is a recent replay-based method for streaming
GNNs. However, as we show in Section 5.3, its training time re-
quirements grow with the graph size and render it unsuitable for
practical streaming scenarios.

Our contribution. We propose a streaming GNN model based on
experience replay [27] that selects rehearsal samples and incremen-
tally updates the network parameters while observing a stream
of edges, as shown in Figure 1. Our model relies on two methods:
Random-Based Rehearsal-RBR yields a uniform sample of the entire
training graph while Priority-Based Rehearsal-PBR prioritizes data
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Figure 1: Overview of Experience Replay (PBR, RBR) and Incremental Inference on the PubMed dataset

Category Method Incr. training  Scalability
Matrix Laplacian Eigen- X X
factorization =~ maps [5],
GraREP [3],
DANE (3]
Random DeepWalk  [35], X X
walk Node2Vec  [17],
LINE [40],CTDNE [34]
DNE [10] v X
DNGR [71, X
Autoencoder SDNE [43]
DynGEM [16]
Inductive GAT [42], X X
GNN DGNN [29],
DySAT [37],
GraphSAGE [18]
Continual GNN [44] v X
PBR & RBR v v

Table 1: Graph representation learning approaches

points based on the model prediction error, aiming to preserve the
decision boundary learnt by the classifier. Our model limits retrain-
ing to a fixed, curated subset of the graph stream, while avoiding
the case of catastrophic forgetting. As a result, the training perfor-
mance of RBR and PBR is independent of the graph size, allowing
them to scale to million-edge graphs. Our evaluation shows that
RBR and PBR achieve prediction accuracy comparable to that of
offline retraining, offer quick convergence, and address concept
drift effectively. At the same time, they save hours of training time.
Our code is publicly available in a github repository [2].

2 PROBLEM SETTING

In this section we provide the necessary background and we for-
mally define the problem we address in this paper.

Streaming Graph Model. Many real-world problems can be mod-
elled as graph streams. For example, in a social network a vertex is
added for a new user and an edge is created for new friendship re-
lationships. Our streaming graph model builds on a series of graph
changes defined as follows.

Definition 2.1. Given a time/step domain t € N, a graph change
at time t consists of a tuple G; = (V;, &E;), where V} is a set of
vertices, and &; € {(v;,v;) s.t. v;,0; € Vyand v; # vj}.

Graph changes can be used to compose graph snapshots (we will
use the terms graph and graph snapshot interchangeably).

Definition 2.2. A graph snapshot Gi—y = (Visy, Er—y) is an
instance of a graph that satisfies the following for t,t" € N, t < t”:
For any Gren = (Vi, Eg):
gk C gt—)t/ s.t. (Vk - th—)t' and 8k c 8t—>t/ — ke [t, t,].

— — —
For simplicity we will denote as G; = (‘V;, &;) a graph snapshot
Go—: that incorporates the complete set of changes up to step t.
Edges and vertices can have associated sets of features. We de-
note as A% (v) the set of k-hop neighbors of vertex v € V.

Node Classification. The task of node classification is a supervised
learning problem that aims to learn an assignment of a label (class)
to each node in the graph. As an example, consider a citation net-
work whose nodes are articles and edges link articles of the same
author. A node classification task would involve inferring the topic
of a given article or its probability to be accepted to a conference.
To facilitate the application of ML algorithms to graphs, embedding
techniques transform graph vertices and structural features into

low dimensional representations h, for every vertex v € (7; Recent
work has proposed learning node embeddings in an inductive way,
so that each node is represented by the aggregation of a subset of
its neighbors [18]. Hence, if a new node appears, and it does not
change the data distribution, it can still be properly represented by
its neighbors. In this work, we use GraphSAGE [18], an inductive
model that constructs the aggregation as follows:

hy — o(f(v,{ust.ue Nk(U)}))

where ¢ is the sigmoid function and f is an aggregation function
such as MEAN, LSTM or AggregatePOOL [18].

Problem definition Given a stream of graph changes Gy, .
the streaming graph embedding problem seeks to continuously

incorporate G;41 into the model built on the snapshot El Straight-
forward solutions include 1) training the model on G;41, i.e., using
only the newly added nodes and edges or 2) retraining the model on

—
the complete snapshot G;4+1 from scratch to incorporate all changes.

-, Gt Gr+1,
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The first approach leads to catastrophic forgetting [11], where the

model does not remember past information (G;) and becomes bi-
ased on the new data. The second approach is expensive for high
update rates and as graphs grow larger in size. We target the su-
pervised single-task scenario, where the embedding model is used
to assign labels to an unlabeled graph stream. Our goal is to sus-
tain the classification accuracy in the presence of class distribution
changes and concept drift.

3 LEARNING ON STREAMING GRAPHS

Figure 1 shows our end-to-end solution to the streaming graph
embedding problem and visualizes the effect of node rehearsal
on the PubMed Diabetes network [33] (t-SNE representation). As
graph data arrive in batches (t, t + 1, etc.) new vertices and edges
are incorporated in a live graph model and trigger retraining via
experience replay. In the single-task scenario, it is crucial to ac-
cess and reuse previous data, since memory-less continuous learn-
ing approaches [4, 25] can only learn effectively in multi-task set-
tings [21, 32]. To this end, we use sampling to maintain and reuse
information across consecutive model training instances.

3.1 Selecting Rehearsed Nodes

RBR yields a uniform sample of the overall data while PBR pri-
oritizes data points which are more relevant than others with re-
gard to preserving the decision boundary learnt by the classifier.
Essentially, rehearsed nodes with PBR resemble support vectors
in that they are the most challenging nodes to classify. Iterative
Graph-Convolutional Network (GCN) training algorithms can ex-
ploit rehearsed data to generate effective vector-based graph repre-
sentations without the need to train on the full dataset. Updates are
fed to an incremental inference module which applies point model
updates instead of completely replacing the model. We describe the
sampling methods in detail next.

Random Sampling (RBR). At every time step t, the RBR strategy

selects a set of past vertices S; C (Vt) at random. This simple tech-
nique permits to reuse past data to update the model in the new
snapshot. We expect this approach to work well when the previous
data are i.i.d., so that sampling at random selects a representative
set of the vertices. When class data is unbalanced, however, uniform
random sampling is not adequate and a more involved strategy is
required. Note that the purpose of RBR is not to maintain a uniform
random sample of the graph seen so far, as training on a single
sample would bias the model towards the selected nodes. Instead, a
new sample is used for each backpropagation step and the model is
trained on multiple possibly overlapping random samples of fixed
size to achieve good performance.

Priority Sampling (PBR). Priority-Based Rehearsal samples nodes
according to their priority index. At step t, we define the priority

index for vertex v € V; as follows:
poxa min(L? (v), €) (1)

where Lf(v) is the loss value at time t of the vertex v!, o is a
smoothing parameter that determines the prioritization importance

!We use the last-seen loss computed during each training instance on the retrained
samples to update the priority index.
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Algorithm 1: PBR Online Training Algorithm

1 Inputs: b = batch_size; m = max_priority; €;y; a

2 G (V,E) =nil;// the dynamic graph

3 H :dict|V,FLOAT] = nil; // vertex priorities
4 0 = Xavier Initialization; // neural network weights
5 Function update(G; = (Vi, E;)):

—
6 G =G

7 foreach v € V; do

8 H(v) =m;// add new vertex to the dictionary
9 foreach n € v.neighbors do

10 ‘ H(n) :min(m,H(n)+#gree) ;

1 end

12 end

13 Function train(G; = (Vi, E¢)):
14 update(G;);
15 sample = prioritizedSample(H, b, @) ;

16 losses = L(sample, {v.label|v € sample}) ;
17 6 = SGD(0, losses);

18 foreach v € sample do

19 ‘ H[ov] = max(losses[0], €) ;

20 end

and € is a small constant to avoid that the probability becomes
0. Essentially, we compute the priority index based on the model
prediction error, so that nodes with higher prediction errors have
a higher probability of being selected during sampling. Using this
method, the training effort is focused on the nodes where the model
is sub-optimal. For instance, if vertices have unbalanced classes,
PBR rehearses a larger number of rare vertices, leading to least
forgetting rare classes since their errors decrease at a slower rate,
focusing more on harder vertices as the model improves. The effect
is similar to online hard mining [20] and boosting [12], and is also
analogous to a Deep Q reinforcement learning network trained
with Prioritized Experience Replay [39], leading to faster learning
while avoiding training stagnation.

Algorithm 1 shows the pseudocode of online training with PBR.
The training process is divided in two main functions: update and
train. The update function takes as input the a graph change G; =
(Vt, &) and assigns priorities to the graph vertices. In this function,
we introduce a bonus for new vertices arriving with an unknown
loss value, giving them maximum priority m (line 8). Then we
increase the probability of sampling the neighbors of a new vertex
by a m, where y is a small constant value (line 10). The
train function performs the training of the neural network. At this
point, we generate a mini-batch of b vertices using the PBR approach
in line 15. Then, we compute the loss value of every sampled vertex
(line 16) and these values are used to train the neural network
parameters 6. At the end of the process, we use the loss values to
update the priority indexes of the sampled vertices (line 19).

3.2 Implementation

We implemented RBR and PBR on the GraphSAGE [18] GNN using
DGL, a high-performance framework-agnostic Python package for
deep learning on graphs that leverages modern hardware. Com-
pared to similar approaches, GraphSAGE keeps its computational
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footprint constant and can scale to large graphs by restricting ag-
gregation to neighborhood samples. Our methods, though, are not
specific to GraphSAGE and can be used with other GNNs.

According to Algorithm 1, a new fixed-size sample is drawn
during each backpropagation step. In practice, though, we draw
multiple independent and possibly overlapping samples as soon as
the change at step t has been integrated in the graph model and use
them as needed. PBR is implemented using a sum-tree data structure.
The leaf nodes of the tree store the vertex priorities and every
other node is the sum of its children. This data structure supports
updates and sample generation with a O(log |V|) complexity. While
updating the priority index is more computationally expensive than
using random sampling, in Section 5.3 we show that the additional
overhead is not significant in practice.

To generate a prediction for vertex v, GCNs aggregate the em-
beddings of its neighbors up to depth d. A naive implementation
of inference leads to redundant computations for vertices with
overlapping neighborhoods. Instead, we employ an incremental
algorithm to identify dependencies between new and existing ver-
tices and recompute only those embeddings that are affected by
changes. While interesting, we leave the details of the incremental
inference algorithm out of the scope of this paper.

4 EXPERIMENTAL METHODOLOGY

We trained our models on a machine with a NVIDIA V100 GPU
and a Intel Xeon Gold 6132 Processor, running CentOS 7, Pytorch
1.5.1, Tensorflow 2.2.0, DGL 0.5 and CUDA 10.1. We repeat each
experiment 6 times and we report average results and the 95%
confidence interval. Table 2 presents the datasets and parameters
of our experimental evaluation. We have selected four publicly
available graphs from different domains to evaluate the various
class distribution changes and concept drift scenarios we describe in
the next section. All datasets have associated timestamps in either
their edges or their vertices and are ingested chronologically in
batches (snapshots) to emulate an online scenario. Arxiv, PubMed
and Bitcoin are modeled as streams of vertices while Reddit is
modeled as an edge stream. In all experiments, we fix the sample
size for RBR and PBR to 64 vertices, = 1,and y = 0.1.

4.1 Evaluation scenarios

To study the performance and robustness of experience replay in
GNNs, we consider four scenarios (and corresponding datasets) of
changes in class distribution, skew, and concept drift.

4.1.1  Stable class distribution. The first scenario considers a well-
behaving graph whose class distribution per snapshot remains sta-
ble throughout its temporal evolution. Arxiv [47] (ogbn-arxiv) is
a representative dataset of such a graph. It models the citation
network between CS arXiv papers. Nodes represent papers and
edges indicate that a paper cites another. Each paper comes with a
128-dimensional feature vector obtained by averaging the embed-
dings of words in its title and abstract. Papers are associated with
the publishing date, thus, we ingest this graph as a vertex stream.
Classes correspond to 40 subject areas of arXiv CS papers, such as
cs.Al cs.LG, and ¢s.0S, manually labeled by the paper’s authors
and arXiv moderators.
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4.1.2  Abrupt class distribution shift. The second scenario aims to
evaluate a case of sudden change in the graph evolution. Pubmed
Diabetes [33] is a citation network extracted from the PubMed
database. Each vertex (publication) has an associated timestamp
that denotes the paper’s publication date and a TF/IDF weighted
word vector from a dictionary of 500 unique words. Vertices are
classified into one of three classes. We ingest this dataset as a vertex
stream in snapshots of size 50 (cf. Table 2). As the graph evolves,
two sudden events change its class distribution. First, only classes
1 and 2 are present in the graph until snapshot 35, when class 0 is
introduced. Second, all vertices after snapshot 80 belong to class 0.
From that point on, no new examples from classes 1 and 2 appear.

4.1.3  Class distribution skew. The third scenario considers the pres-
ence of high skew in the class distribution across snapshots. We use
Reddit [19], a graph of posts and comments, as the representative
dataset. Every post (node) is labeled after the community or subred-
dit it belongs to. The post features consist of 602 values: the average
embedding of the post title and its comments, the post’s score, and
the number of comments associated with the post. Text features
have been generated using a 300-dimensional GloVe CommonCrawl
word vector. Posts are linked with an edge if they have been com-
mented by the same user and each edge bears the timestamp of
the first comment. The graph has 41 classes, all of which appear
in all snapshots. However, the class distribution is highly skewed
with a few communities contributing significantly more examples
than the others. Moreover, the class distribution changes across
snapshots. As this dataset is an edge stream, incoming edges are
more likely to have vertex endpoints belonging to popular classes.
As a consequence, vertices from popular classes can appear multiple
times in the same batch of changes.

4.1.4  Conceptdrift. The final scenario is an unfavorable case where
the statistical properties of classes change over time. We use the
Bitcoin [46] graph of 200K partially labeled transactions as a rep-
resentative example of such an irregular dataset. Edges represent
the flow of Bitcoin currency from one transaction to the next one.
A timestamp is associated with each transaction, representing an
approximate time when it was broadcasted to the bitcoin network.
The dataset categorizes the nodes as "licit", "illicit" or "unknown".
A node is illicit if the corresponding transaction has been created
by an entity that belongs to an illicit category (scams, malware,
terrorist organizations, ransomware, Ponzi schemes, etc.). 2% of the
nodes are illicit while 21% of them are licit. Unknown vertices are
not considered as a separate class. Vertices with unknown labels
modify the graph structure but do not contribute to the training
or test sets. However, the network learns to predict the label of
a known vertex using also features from its unknown neighbors.
There are 166 features associated with each node and the temporal
information is encoded by a time step running from 1 to 49, spaced
with an interval of about two weeks. The statistical properties of the
licit and illicit classes change over time, making the classification
task too hard for GNNs.

4.2 Snapshot construction

To evaluate the accuracy of RBR and PBR in a streaming scenario,
we create a sequence of temporal snapshots by taking into account
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Dataset Type V] |E| Classes | Ingestion | Backprop. Timestamp Re-train period | Test period
Arxiv Citation 169K | 1.16M 40 50 2 Publication date 8300 vertices 700 vertices
PubMed Citation 20K 44K 3 50 2 Pub. date 6500 vertices 200 vertices
Reddit Social 220K | 5M 41 1200 50 First comment 720K edges 20K edges

Bitcoin Transaction | 204K | 234K 2 204 6 T. broadcasted 70K vertices 2040 vertices

Table 2: Datasets and parameters used for experimental evaluation.

the timestamps associated with the vertices or edges in each graph.
We create snapshots so that the number of mutations (vertex or
edge additions) they introduce is constant over time. We use two
strategies to split the graphs of Table 2 into training and test data.

The default strategy creates a 70 : 30 split of training and test
data, where each new vertex in a snapshot is added to either the
test or the train set at random. As a consequence, the test set at time
step ¢ consists of a random sample of vertices that arrived in steps
[0-t]. The test set is therefore independent of the train set, albeit
it follows the same probability distribution. This strategy is the
default evaluation approach established by the previous work [18,
24, 42] and allows us to evaluate the performance of our methods
on vertices similar to the ones in the train set.

To faithfully simulate a streaming setting, we further employ
a temporal splitting strategy to construct the test and train sets,
similar to the approach introduced in an anti-money laundering
study [46]. At snapshot t, we generate the test set using vertices of
snapshot ¢ + 1 and the train set using vertices that arrived before ¢.
As aresult, the test set captures the actual graph evolution and is
not guaranteed to follow the same distribution as the train set.

5 EXPERIMENTAL EVALUATION

We evaluate two key aspects of RBR and PBR. First, we examine
the quality of the embeddings they generate using a node clas-
sification task. To that end, we are interested in understanding (i)
how our methods behave upon encountering changes in the class
distribution, and (ii) how their convergence behavior compares to
other approaches given a large graph with multiple classes. The re-
sults of Sections 5.1 and 5.2 demonstrate that RBR and PBR achieve
the same or higher accuracy as state-of-the-art online methods and
offline retraining on the entire graph, they converge quickly, and
they are robust to changes. Second, we evaluate the execution
runtime benefits that our methods provide by avoiding to retrain
on the full network. The results of Sections 5.1 and 5.3 show that
RBR and PBR save hours of training time when compared to offline
training and are orders of magnitude faster than existing continual
learning methods.

5.1 Comparison with Continual GNN

We first compare the performance of RBR and PBR with that achieved
by the state-of-the-art method, ContinualGNN [44], on the super-
vised node classification task. We select the largest dataset, Reddit,
and calculate macro F1 for the test set for every snapshot?. Like
PBR and RBR, ContinualGNN is a replay-based method that aims to
sample important nodes for incremental training. Figure 2 shows

2F1 Macro computes the F1 for each class and then takes the unweighted
mean: ), F1y - %

Default split Temporal split
0.40 r
0.35 7 A . A
0.30 sy X/ Yo A AV}
A4 2 Y/
20.25 /%\/ v 1
2 4
£ 0.20 2~ ]
®0.151 / 1
0.10 A;"'. 1
0.051 11
0 5 0 15 20 0 5 0 15 20
snapshot snapshot
algorithm: —— RBR PBR —— ContinualGNN
(a) f1 Macro (Reddit)
s ContinualGNN PBR
mmm RBR
102
O
]
€ 10t
=
10°
1.0 10.0 20.0
snapshot

(b) Training latency in s (Reddit)

Figure 2: Comparison of classification performance and
training latency with Continual GNN on the Reddit dataset.

the classification and latency results for the first 20 snapshots. We
observe that PBR, RBR, and Continual GNN achieve similar classifi-
cation accuracy, however, the training latency of Continual GNN
grows proportionally to the size of the graph stream. At snapshot
20, ContinualGNN takes over 300s to retrain its model. On the other
hand, the training latency of PBR and RBR remains constant over
time and well below 1s.

5.2 Classification performance

We now further compare our online methods with two additional
baselines on all four datasets: (i) Offline corresponds to period-
ically training over the full graph with multiple epochs and (ii)
No-Rehearsal corresponds to training over the new vertices in a
snapshot. We expect the latter baseline to perform well if the class
distribution does not change across consecutive snapshots.

The experiments in this section favor the offline training strategy
by not taking into account the training execution time when evalu-
ating classification performance. Even if periodic retraining on the
entire graph requires a substantial amount of time, we assume that
training is instant and the model becomes available immediately.
Training performance is evaluated separately in Section 5.3.
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Figure 3: Evolution of the classification performance (Macro F1) as the graph stream is ingested continuously over time.

Pubmed Bitcoin
Default split Temporal split Default split Temporal split
Min Max Avg Min Max Avg | Min Max Avg Min Max Avg
Offline 0 1 0.63 0 0.88 036 | 0.33 0.76 059 | 0.28 0.6127 0.47
No-rehearsal ~ 0.02 1 0.62 0 1 0.63 | 036 0.62 049 | 031 0.73 0.49
RBR 0.4 1 073 0 087 045 | 049 074 064 | 029 0.6796 0.48
PBR 0.22 1 0.76 0 095 052 049 0.77 0.66 | 0.32 0.73 0.49

Table 3: Min, max, and average Macro F1 measurements for all methods on the classification task.

Arxiv (Stable class distribution). Figure 3a plots the F1 macro
score for the classification task on the Arxiv graph over time. Each
step in the x-axis corresponds to an addition of 14 batches of new
vertices of size given in Table 2. F1 macro is arguably low for all
methods, including Offline>. Yet, the online methods show competi-
tive performance and improve over time, matching the accuracy of
full retraining. This dataset is an example of a well-behaving, pre-
dictable graph with regard to temporal change. The fact that class
distribution per snapshot remains relatively stable throughout the
graph’s evolution means that even the naive No-Rehearsal method
achieves the same F1 score as offline training.

Reddit (Skew). Let us now examine the case of an edge stream.
Recall that when a set of edge changes are added to the graph, some
of the newly added vertices will appear multiple times. Figure 3b
plots the F1 macro metric over time for the node classification task
on Reddit. In the default split strategy, PBR achieves the highest
score during the entire experiment. RBR matches its performance
only at step 130. Offline can only improve its performance after
re-training, while No-Rehearsal performs poorly throughout the
evolution of the graph. The results of the temporal split strategy
show almost identical behavior. This is expected, as all classes are
present in the graph since the beginning and the temporal split
constructs snapshots with similar class distribution as that of the
default split.

Pubmed (Abrupt shift). Let us now examine a case of concept
drift. Table 3 reports F1 macro results for the Pubmed dataset. This
is a vertex stream with 3 classes, 2 of which are present in the graph
since the beginning, while the third class appears later. In the default
split case, during the first 10 steps, RBR and PBR perform equally
well and outperform Offline training, which initiates a full retrain

3When plotting accuracy instead of F1 macro, all methods reach a value of ~ 0.69,
which is in agreement with the Open Graph Benchmark leaderboard (https://ogb.
stanford.edu/docs/leader_nodeprop/#ogbn-arxiv)

every 33 steps. From snapshot 11, we observe a steep increase in
accuracy for the online methods. PBR and No-Rehearsal improve
their performance quickly, while random takes more steps to reach
the same level of accuracy. At snapshot 66, a significant number
of examples from the third class is introduced in the dataset. The
Offline method cannot predict this change without retraining. The
online methods also experience an accuracy drop, however, PBR is
the only method able to quickly correct its model. After snapshot
80 every new node ingested belongs to the same class. While our
methods continue to correctly predict classes of new nodes, the
accuracy of No-Rehearsal drops below 0.2. The effects of the abrupt
shift in class distribution become clearer in the temporal shift ex-
periment. Since all new examples in snapshots 80-100 belong to the
same class, the performance of Offline drops drastically without
retraining. In this case, No-Rehersal achieves perfect accuracy as it
only considers new vertices anyway. Further, the superiority of PBR
over uniform random sampling becomes clear. PBR is capable of
selecting the right rehearsal nodes and quickly improve accuracy.

Bitcoin (Concept drift). The Bitcoin dataset is a 2-classes un-
balanced dataset, with both classes available since the beginning.
Table 3 shows the min, max, and average F1 macro achieved over
the evolution of the graph stream. During the first 18 steps of the
default split, all methods exhibit similar performance. From snap-
shot 19 on, there is a steep increase in accuracy for the PBR and
RBR methods, where PBR converges faster and achieves a higher
macro F1 score. We attribute the difference between RBR and PBR to
the fact that priority sampling selects more rehearsal vertices from
the minority class. The Offline method improves its performance
at snapshot 33 because of the retrain, while the performance of
No-Rehearsal remains low and stable throughout the graph evolu-
tion. This behavior is due to too few vertices of the minority class
being added in each snapshot, preventing the neural network from
learning the difference between the two classes when minority
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nodes from the previous snapshots are not used for training. It is
also worth noting that after retraining, the prediction performance
of the Offline method degrades over time, while both RBR and PBR
maintain high F1 scores. This happens because the statistical prop-
erties of the target variable, which the model is trying to predict,
change over time in unforeseen ways [46]. Offline cannot generate
good predictions for the vertices added in the test set in each snap-
shot after training and this causes the steady drop in the macro F1
score. The unpredictable changes in the statistical properties of the
licit and illicit classes alongside the fact that the majority of exam-
ples are not labeled contribute to all four methods demonstrating
degraded performance for temporal split. The Offline method fails
to achieve F1 score higher than ~ 0.6. This behavior is in agreement
with the results of the recent study that introduces this dataset [46],
where a Random Forest classifier outperforms the GCN methods.
Nevertheless, RBR and PBR perform as well as the offline method,
even in this unfavorable scenario.

5.3 Training performance

We now evaluate the performance benefits of PBR and RBR over
periodically performing full model retraining. We implemented
GraphSAGE on TensorFlow and PyTorch and evaluate three execu-
tion modes. PyTorch is our default implementation. It relies on the
DGL [45] high performance Python package for deep learning on
graphs that leverages modern hardware. The computational graph
is generated dynamically and rebuilt after each iteration of training.
Tensorflow-eager also relies on DGL, but operations between ten-
sors have been implemented using Tensorflow 2. Since DGL does
not currently support symbolic execution, we enabled EagerExecu-
tion, an imperative programming environment that operates like
PyTorch, evaluating operations immediately without building the
computation graph first. Tensorflow-static relies on Tensorflow 2
optimized symbolic execution. In this mode, the computation graph
is static. We created and connected all the variables at the beginning.
As a consequence, the graph is built once and can be reused across
training iterations.

Figure 4 plots the training time of the offline methods and that
of PBR for three snapshots of the Pubmed dataset. We observe that
the cost of offline training is proportional to the size of the input
graph, while PBR achieves orders of magnitude lower training time.
PBR’s performance depends only on the size of the rehearsed nodes
sample and the number of backpropagation iterations, thus, its
training execution time remains constant regardless of the graph
size. Comparing the performance of offline training methods, we see
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that TF-static outperforms the other frameworks. As expected, static
graph generation has a positive impact on performance, however,
we observe that PyTorch is highly competitive with TF-static, even
though it generates the computation graph dynamically.

6 RELATED WORK

The majority of existing graph representation learning methods
target static graphs only [23]: factorization-based approaches [3, 5,
26], random walk-based methods [10, 17, 34, 35, 40], and autoen-
coders [7, 43], and graph neural networks [8, 9, 13, 18, 22, 30, 41, 49—
51]. These methods require retraining when accuracy degrades or
in the case of concept drifts. Xie et al. [48] have contributed a
survey covering recent efforts in dynamic graph representation
learning. Of those, DynGEM [16] relies on deep autoencoders to
maintain stable embeddings over time but it does not handle attrib-
uted graphs. DNE [10] is a selection mechanism to choose and train
the vertices affected by changes and update their representations.
LINE [40] is based on random-walk methods and introduces a loss
function for characterizing first-order and second-order proximi-
ties. DySAT [31, 38] constructs embeddings that take into account
the structural and temporal properties of the graph, while Béres
et al. [6] propose a method that relies on streaming algorithms
to construct node representations. Yet, these methods do not take
into account the features of vertices and edges. Several recent ap-
proaches support temporal graphs, in the sense that they optimize
learning the graph’s temporal evolution. These approaches ingest a
graph as a series of snapshots, yet they require all snapshots to be
available a priori at training time [14, 52, 53]. The work by Rossi
et al. [36] supports streaming graphs, however it only considers
updates in the most recently received batch. Finally, Continual-
GNN [44] is the work closest to our approach. As we showed in
Section 5.3, while ContinualGNN achieves good classification ac-
curacy on par with PBR, its training latency grows with the graph
size, making it unsuitable for streaming applications in practice.

7 CONCLUSION

We have introduced the problem of continuous graph represen-
tation learning from streams of changes and propose the use of
experience replay, a pragmatic approach with classification perfor-
mance benefits and guaranteed low retraining cost for fast model
updates. We introduced two lightweight sampling methods, Priority-
Based Rehearsal-PBR and Random-Based Rehearsal-RBR, to select
rehearsal nodes for each batch of changes. Our results demonstrate
that experience replay achieves good accuracy and convergence,
comparable to that of offline training on the entire graph. At the
same time, it provides fast retraining, since it uses only a fraction
of the overall ingested training data.
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