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Abstract—Graph Neural Networks (GNNs) have been widely
adopted for their ability to compute expressive node representa-
tions in graph datasets. However, serving GNNs on large graphs
is challenging due to the high communication, computation, and
memory overheads of constructing and executing computation
graphs, which represent information flow across large neigh-
borhoods. Existing approximation techniques in training can
mitigate the overheads but, in serving, still lead to high latency
and/or accuracy loss. To this end, we propose Reforge, a system
that enables low-latency GNN serving for large graphs with
minimal accuracy loss through two key ideas. First, Reforge em-
ploys selective recomputation of precomputed embeddings, which
allows for reusing precomputed computation subgraphs while
selectively recomputing a small fraction to minimize accuracy
loss. Second, we develop computation graph parallelism, which
reduces communication overhead by parallelizing the creation
and execution of computation graphs across machines. Our
evaluation with large graph datasets and GNN models shows that
Reforge significantly outperforms state-of-the-art techniques.

Index Terms—Graph Neural Networks, Low-Latency Serving,
Efficient Inference, Parallelization Technique

I. INTRODUCTION

Graph Neural Networks (GNNs) have gained widespread
attention due to their ability to provide breakthrough results
in diverse domains [1]–[6]; they have been instrumental in
discovering life-saving drugs [7], [8], empowered recom-
mendation systems [9], [10], and helped in traffic plan-
ning [11]–[13]. Recent studies have enabled reasoning on
graph-structured data [14]–[18] by enhancing large language
models (LLMs) [19]–[22] with GNNs to effectively capture
intricate structural information.

The GNN lifecycle consists of two phases: training and
serving. In the training phase [23]–[29], GNNs take as input
graph-structured data and feature vectors of each node (Fig. 1
(left)), and learn the embeddings of each node in the graph.
In the serving phase [9], [30]–[33], the trained model is used
to predict the embeddings for previously unseen query nodes.
Such predictions empower downstream GNN use-cases, such
as malicious node prediction in financial applications and
social media [34], [35], and integration with LLMs [36], [37].

Ensuring low latency in computing the embeddings of
query nodes is key to GNN serving, as GNN models are
increasingly used in time-sensitive tasks, including recommen-
dation [9], [33], [38], fraud detection [39], [40], and traffic
prediction [41]. At the same time, the underlying graphs are

growing in size; modern industry graph datasets routinely
span a few billion nodes and trillions of edges [42] and can
consume hundreds of TB of memory. Distributing such large
graph datasets and associated feature vectors across multiple
machines is thus inevitable these days.

Unfortunately, achieving low-latency GNN serving for large
graphs stored across machines is extremely challenging. To
compute the embeddings of the query nodes, GNN models
need the entire k-hop neighborhood. The number of k-hop
neighbors can grow exponentially with k, known as the
neighborhood explosion problem [43]–[45]. Serving query
nodes can thus require excessive amounts of memory and
computation costs due to the size of feature vectors and
adjacency matrix in the large neighborhood.

Furthermore, unlike training, we do not know how an
incoming query node will be connected to the rest of the
graph; no matter how the large graph is partitioned and
stored, the k-hop neighbors of a query node and their feature
vectors are often spread across multiple machines. As a result,
creating the query node’s “computation graph” (Fig. 1 (right)),
by which the node’s embedding is computed based on the
neighborhood’s feature vectors and aggregation paths along
the edges, involves fetching the associated data from remote
partitions; the resulting massive data volumes (§III-A) cause
high communication overheads, worsening serving latency.

GNN training systems facing similar issues adopt mitigation
techniques based on approximation, such as reusing historical
embeddings [46]–[48] or sampling [23], [27], [28], [42], [49].
However, we find they are not directly applicable to serving for
two reasons: (a) they do not account for the data dependence
between an incoming query node and the existing graph – i.e.,
determining how the query node’s connectivity impacts the
embeddings of the graph’s existing nodes. Ignoring such de-
pendence can lead to unacceptably high accuracy loss (§III-B).
(b) While existing techniques reduce computation (either by
reusing node embeddings or computing embeddings for fewer
nodes by sampling), we find that the communication involved
is still heavy at inference time because of the underlying
graph’s rich connectivity and the query node’s neighborhood
being spread across machines.

We present Reforge, a GNN serving system that combines
data dependency-aware approximation with a new form of
computation parallelism to systematically address the over-



heads, supporting low-latency GNN serving on modern large
graphs with minimal accuracy loss. Existing serving systems
either adopt sampling [9], [30], [33], [50] (with concomitant
high latency or substantial accuracy loss) or apply to smaller
graphs [31], [32], limiting their practical applicability (§IX).

Similar to some training systems [46], [47], Reforge reuses
embeddings of existing nodes after training (which we call
“precomputed embeddings (PEs)”) instead of computing the
embeddings in the entire k-hop neighborhood; this saves
network, compute, and memory resources. Because naı̈vely
reusing PEs ignores data dependence and undermines accu-
racy, Reforge uses Selective Recomputation of Precomputed
Embeddings (SRPE) (§V). Here, we identify a small number
of neighborhood nodes that impact accuracy substantially and
focus on recomputing their embeddings while reusing PEs
for other nodes. We prove that this statistically minimizes
approximation errors. We develop a practical heuristic to
perform recomputation on such nodes within a budget, where
the budget trades off latency with accuracy.

SRPE significantly reduces the size of computation graphs,
but it still entails substantial communication (§VIII-C) due
to fetching remote PEs and feature vectors. To mitigate this
overhead, we develop Computation Graph Parallelism (CGP)
(§VI). Unlike existing GNN systems where a single machine
solely creates computation graphs by fetching required data
from remote machines, CGP allows each machine to build
a partitioned computation graph using data available in local
partitions. CGP then aggregates the partitioned computations
using efficient all-to-all collectives and finally applies custom
merge functions (tailored to the specific type of GNN model)
to the aggregations to compute the final outputs.

We implement Reforge based on DGL [24], [28], a popular
GNN training framework, and evaluate it on representative
graph datasets and GNN models. Our evaluation results show
that the combination of SRPE and CGP helps Reforge
outperform DGL-based full-graph and approximation-driven
baseline serving systems by up to 159× and 10.8× in latency,
respectively, with minimal accuracy loss (§VIII).

We make the following contributions in this paper:
• We show that naı̈vely applying approximation techniques

and reusing computations leads to large errors, and pro-
pose SRPE, which statistically minimizes these errors by
identifying the parts of computation graphs that need re-
computation to avoid accuracy losses (§V).

• We co-design CGP, a new parallelism technique that re-
duces communication overheads of SRPE with local ag-
gregation by parallelizing the creation and execution of
computation graphs for serving various GNN models (§VI).

• We show that Reforge is able to outperform state-of-the-art
techniques and to achieve up to orders of magnitude lower
latency with minimal accuracy loss (§VIII).

II. BACKGROUND

A Primer on GNNs. Unlike conventional deep neural net-
works (DNNs) that process independent input vectors without
considering their inter-dependencies, GNNs are designed to
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Fig. 1: (Left) An example graph dataset with 8 nodes and F-
dimensional feature vectors. We use this graph dataset as our
running example. (Right) The 2-hop computation graph for
node 0 where the boxes below represent feature vectors.

handle graph datasets. These datasets consist of node feature
vectors and a graph structure that expresses the relationships
between nodes, as depicted in Fig. 1 (left). For instance, in
social networks, users are the nodes, their profiles are the
feature vectors, and friendships are the edges.

GNN models aggregate the neighborhood information of
each node to leverage the relationships and compute highly
expressive embeddings than individual feature vectors alone.
To achieve this, the first step is to create a computation graph
that contains the k-hop neighborhood of each node along
with the associated feature vectors, where k is typically 2 or
more [51]. Fig. 1 (right) illustrates an example of a 2-hop
computation graph for a node.

The execution of the computation graphs leverages message
passing [28], [52], which we can generally express as follows.
For a target node v and layer 1 ≤ l ≤ k, define:

h(l)
v = U (l)(h(l−1)

v ,
⊕(l)

u∈N (v)
{M (l)(h(l−1)

u )}) (1)

where h
(0)
u is the feature vector for node u, N (v) represents

direct neighbors of the node v, and h
(k)
v is the final embedding

for the node v. Each GNN layer defines (U ,
⊕

, M ) functions,
which represent update, aggregate, and message function,
respectively. The message function is applied to the neighbors
of node v to create messages, which are aggregated by the
aggregate function. The layer embedding of each layer is then
obtained by applying the update function to the previous layer
embedding of node v and the aggregated messages.
Distributed GNN Serving for Large Graphs. Similar to
conventional DNN models, GNN models can be trained on
a static graph dataset in the background. However, unlike
DNN serving, which only needs a trained model, GNN serv-
ing additionally requires the graph dataset used in training
because of the data dependency in GNN computation. To
serve a large graph dataset (e.g., 2 billion nodes and 2 trillion
edges [42]), the dataset needs to be distributed across multiple
machines [23], [42], [53], [54], and the embeddings for the
new query nodes are computed with this distributed data.

Fig. 2 illustrates a workflow of distributed GNN serving
systems. Here, a training graph dataset is partitioned across
multiple machines. A serving request consists of the feature
vectors of query nodes and the edges between the query
nodes and the existing training nodes. When one of the
machines receives the request, it creates computation graphs
by fetching the required feature vectors and edges from the
other machines, computes the embeddings of the query nodes,
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Fig. 2: Distributed GNN serving end-to-end workflow. To
generate the embeddings of (batched) query nodes, 1 the
master forwards a serving request to one machine. 2 A
computation graph builder then creates k-hop computation
graphs for the query nodes by loading from the local partition
and fetching required edges and feature vectors from remote
partitions. The red line represents remote communication. 3
The computation graphs are then executed by a GNN executor
after being copied into GPU device memory. 4 Finally, the
embeddings of the query nodes are returned.

and returns the result.

III. CHALLENGES

Unfortunately, the size of graph datasets that distributed
GNN serving systems can handle is limited due to unique
properties of modern graph data, especially, the data depen-
dency between query nodes and existing graph nodes, which
leads to high overheads. Existing mitigation techniques often
fall well short due to fundamental drawbacks.

A. Overheads from Large Neighborhoods

GNN serving requires the entire k-hop neighborhood in
computing the embeddings of query nodes. Since the number
of k-hop neighbors can grow exponentially with k, memory
and compute costs can be also significant to create and
execute computation graphs, which contain the feature vectors
and edges corresponding to the neighborhood. For example,
serving with the full (neighborhood) computation graph in
Table I can take 711 ms, likely violating the tight latency
SLOs of real-world applications [55]–[57]. Also, the memory
overhead from these large neighborhoods can easily lead to
GPU out-of-memory errors despite their tens of GB memory
capacity (§VIII-B).

Moreover, it is hard to predict how query nodes are con-
nected to the rest of the graph and as such feature vectors
and edges can be stored across multiple machines (as shown
in Fig. 2); thus, creating computation graphs involves fetch-
ing neighborhood information and the corresponding feature

Method Latency (ms) Accuracy (%)

Full Computation Graph (Full) 711.1 56.9
Neighborhood Sampling (NS) 168.8 50.9 (-6.0)
Historical Embeddings (HE) 66.4 50.6 (-6.3)

TABLE I: Latency and accuracy of different serving methods.
We run serving requests of batch size 1,024 with 4 machines.
A 3-Layer Graph Attention Networks [59] trained on the Yelp
dataset [43] is used. We describe the detailed setup in §VIII-A.

vectors from remote partitions (Step 2 ), resulting in high
communication overhead.

B. Limitations of Today’s Approximations

To mitigate problems due to large neighborhoods and over-
heads, one could employ approximation taking inspiration
from similar techniques in GNN training systems. Unfortu-
nately, this can lead to significant model accuracy loss (Table I)
and, in some cases, may not improve latency.
Historical Embeddings. Instead of creating full computation
graphs every iteration, GNN training systems [46]–[48] reuse
the layer embeddings from previous iterations, called histori-
cal embeddings [46], [58]. This technique avoids the exponen-
tial expansion of computation graphs, allowing the systems to
construct computation graphs only with direct neighbors. One
may consider applying this technique to serving by reusing
the layer embeddings from the last training epoch. However, as
the embeddings are data dependency-unaware, i.e., they do not
account for how new query nodes impact existing embeddings,
using them for serving can hurt accuracy. As shown in Table I,
although serving can be 10.7× faster with this technique, it
results in a 6.3% points drop in accuracy.
Sampling. GNN training systems [23]–[25], [27], [28], [42],
[49], [53], [60]–[62] employ sampling with which they ag-
gregate only a small number of sampled neighbors at each
hop [43]–[45], [63]. This drastically reduces the size of the
computation graph at the cost of accuracy due to approx-
imation errors from sampling. Multiple training epochs are
executed to account for the accuracy loss, and each epoch
samples the computation graph differently. Running many
epochs leads to convergence. However, in serving, we find that
a sampled computation graph can hurt accuracy significantly
(6.0% points drop in Table I) since we do not have multiple
chances to recover approximation errors from sampling. More-
over, latency can be still high because, even with sampling, the
size of computation graphs and the associated communication
overhead can be significant (§VIII-B).

IV. REFORGE OVERVIEW

Reforge addresses GNN serving challenges and overheads
due to large neighborhoods through two complementary tech-
niques: smart data dependency-aware approximation and dis-
tributed computation graph creation and execution.
T-1: Selective Recomputation of Precomputed Embed-
dings (§V). To deal with neighborhood explosion, we design
a technique called selective recomputation of precomputed
embeddings (SRPE) that reduces redundant computations of
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Fig. 3: High-level illustration of (Left) Selective Recom-
putation of Precomputed Embeddings (SRPE) and (Right)
Computation Graph Parallelism (CGP). The query node 8 is
connected to the existing nodes 2 and 3 of the example graph
dataset in Fig. 1.

layer embeddings by effectively reusing previously computed
embeddings named precomputed embeddings (PE). Unlike his-
torical embeddings used in training (§III-B), SRPE mitigates
accuracy drops by selectively recomputing a portion of the PEs
that contributes to high approximation errors. SRPE decides
on recomputation nodes based on a simple but effective
heuristic policy that statistically minimizes the approximation
errors. Fig. 3 (left) illustrates an example usage of SRPE.
After training, SRPE precomputes the embedding of existing
training nodes. When computing the embedding of query node
8, SRPE reuses the PE of node 3 while recomputing the PE
of node 2 to better reflect the contribution of node 8 (i.e., the
edge from node 8 to 2 at Layer-1).
T-2: Computation Graph Parallelism (§VI). While SRPE
reduces the size of computation graphs and corresponding
computational overheads, it still has high communication
overhead due to fetching PEs and feature vectors; e.g., we
find that SRPE alone can still yield latencies as high as
978 ms (§VIII-C) due to the overhead. To further minimize this
overhead, we develop computation graph parallelism (CGP),
which distributes both creation and execution of computation
graphs across multiple machines. In CGP, each machine care-
fully constructs a partitioned computation graph to use only
local feature vectors and PEs during execution, thus avoiding
heavy remote communication. For instance, in Fig. 3 (right),
to compute the Layer-1 embedding of node 2, Machine 0
uses local feature vectors of nodes 4 and 8, while Machine
1 uses the local feature vector of node 1. However, since
each machine has a partial view of the entire neighborhood,
conventional message passing computation (Eq. 1) fails to
generate correct outputs. To overcome this challenge, CGP
employs a form of distributed execution that extends message
passing with collective communications and custom merge
functions tailored to various GNN models.
End-to-end Workflow. Fig. 4 illustrates the end-to-end work-
flow of Reforge. The PEs of all nodes in the training graph
dataset are computed after training and distributed across
machines along with the graph dataset. 1 Upon the arrival
of a serving request containing a batch of query nodes, the
master server evenly splits the query nodes, their feature
vectors, and the neighbor edges. 2 The partitioned requests
are then distributed to the computation graph builder in each
machine, 3 which creates a partitioned computation graph.
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Fig. 4: Reforge end-to-end workflow.

When building the computation graph, each builder determines
which PEs to recompute and adds the edges required for the
recomputation to the computation graph. 4 Copied to GPU
memory, the partitioned computation graphs are executed by
GNN executors, which employ local aggregations followed by
collective communications to generate the final output embed-
dings with customized merge functions for GNN models; 5
the master server collects and returns the output embeddings.
Problem Scope. This paper focuses on achieving low-latency,
large-scale GNN serving for new query nodes that are unseen
during training, while mitigating large computational over-
heads and approximation errors (§III). We assume that GNN
models are trained on a fixed graph (e.g., the example graph
dataset in Fig. 1), and during the serving phase, query nodes
arrive with edges connecting them to training nodes in the
fixed graph (e.g., query node 8 in Fig. 4 is connected to nodes
2 and 3). Addressing potential staleness problems and enabling
dynamic updates of graph datasets, GNN models, and PEs is
left for future work.

V. SELECTIVE RECOMPUTATION OF PE

To mitigate the overheads from large neighborhoods (§III),
Reforge reuses precomputed embeddings (PEs), p(l)u for each
node u and layer l (1 ≤ l ≤ k − 1), which are captured from
the layer embeddings (i.e., h

(l)
u in Eq. 1) after training.

During the serving phase, for a query node v, Reforge
computes the final embedding h

(k)
v without fully recalculating

the embeddings for the full k-hop neighborhood. Instead, it
substitutes the embeddings of v’s direct neighbors with their
respective PEs, utilizing p

(l)
u in place of computing h

(l)
u . This

approach significantly reduces both computational complexity
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denotes the proposed query edge ratio-based policy (§V-B2).

and memory requirements from O(Nk) to O(N × k), where
N represents the average number of neighbors.

A. Skewed Approximation Errors of PEs

However, naı̈vely reusing PEs for serving drops accuracy
by up to 6.3% points (HE in Table I) because the stored PEs
exclude embeddings from new query nodes. For example, the
PE of node 3 shown in Fig. 3 (left) is computed considering
only the neighbors in the training graph (nodes 0, 5, 7),
excluding the new query node 8.

We quantify the approximation errors by computing the
difference between the full embeddings, f

(l)
u , which include

all the edges from query nodes in aggregation, and the PEs.
When u is a direct neighbor of query nodes, we compute its
PE approximation error as

∑k−1
l=1 ||f (l)

u − p
(l)
u ||.

We observe that the approximation errors are highly skewed
– a small number of PEs dominate the accuracy losses. Fig. 5
(left) shows a distribution of the approximation errors of PEs.
The top 10% of PE approximation errors are several orders
larger than the other 90%. Recomputing just that 10%, while
reusing the rest, recovers accuracy drop from -6.3% points to
-0.7% points (AE in Fig. 5 (right)). Exploiting the skew in
approximation errors is key to the effectiveness of recompu-
tation; e.g., randomly selecting the 10% recomputation targets
(Random in Fig. 5 (right)) yields a marginal accuracy benefit
(from -6.3% points to -5.7% points).

B. Policy for Selective PE Recomputation

Based on the observation, we selectively recompute PEs that
show high approximation errors when serving query nodes.
The key challenge lies in devising an effective recomputation
policy that can identify PEs prone to high approximation
errors.

1) Problem Formulation: We illustrate the problem with
query nodes 8 and 9 in Fig. 6 (left). Their direct neighbors
(nodes 2, 3, 4, 7) form the recomputation candidates. A policy
decides whether to recompute or reuse each PE. Recomputing
includes the query edges, whereas reuse ignores them. Then,
given a recomputation budget, the objective is to find the
best targets that minimize the approximation errors of the
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Fig. 6: Selective recomputation in a batch of two query nodes:
8 (connected to nodes 2 and 3) and 9 (connected to nodes
2, 4, and 7). (Left) Recomputation of two candidates given
a 50% recomputation budget. (Right) Random variables with
recomputation probabilities such that

∑
pi = 0.5.

candidates. Fig. 6 (left) illustrates a case where the budget
allows for two out of four PEs to be recomputed.

The recomputation policy can be formulated as a con-
strained optimization problem as follows:

min
z∈{0,1}|R|

∑
u∈R

k−1∑
l=1

||f (l)
u − h

(l)
Gz,u

|| sub. to.
∑
u∈R

zu ≤ γ|R|

(2)
Here, R is the recomputation candidates, z is a |R|-sized 0-1
vector deciding recomputation of each candidate, Gz denotes
the corresponding graph, hGz,u represents the approximated
embeddings in Gz , and fu are the full embeddings. Finally, γ
refers to the budget.

However, directly solving the problem at serving time is
challenging because it is impractical to compute the full
embeddings. Instead, we stochastically approximate the con-
strained optimization problem. As illustrated in Fig. 6 (right),
we assign independent binary random variables ẑu to each
candidate u such that it has a recomputation probability of
pu = E[ẑu], within the budget γ =

∑
u pu.

In this setting, our goal is to find the optimal probabilities
that minimize the approximation errors. To achieve this, we
adopt the variance minimization technique from recent work
in sampling-based GNN training [43]; we define unbiased
estimators for the full embeddings and derive the optimal
recomputation probabilities that minimize the variance of the
estimators. By selecting candidates with high probabilities, we
can indirectly reduce the approximation errors.

We develop unbiased estimators for the full embeddings.
For each u, the full embedding f

(l)
u is computed with

aggregations from the query nodes (q(l)u ) and those from
the training nodes (t(l)u ). Here, we simplify the aggregation
as the mean of the messages from neighbors; for exam-
ple, q(l)u =

∑
v∈NQ (u) m

(l)
v /|N (u)| where NQ(u) denotes the

query nodes connected to u and m
(l)
v are the messages.

Then, we define the estimator f̂
(l)
u = 1

pu
ẑuq

(l)
u + t

(l)
u such

that E[f̂ (l)
u ] = f

(l)
u . We obtain the optimal probabilities that

minimize the variance of the estimators with the following
theorem.

Theorem 1. The sum of the variances of every dimen-
sion of the estimators (

∑
u

∑k−1
l=1 f̂

(l)
u ) is minimized when

pu ∝ ||
∑k−1

l=1 q
(l)
u || = ||

∑k−1
l=1

∑
v∈NQ (u)

m(l)
v

|N (u)| ||, given
γ =

∑
u pu.



Dataset GCN SAGE GAT
Acc. (%) γ (%) Acc. (%) γ (%) Acc. (%) γ (%)

Reddit 92.5 (-0.1) 0 96.3 (0.0) 0 95.5 (0.0) 0
Yelp 42.4 (-4.5) 20 63.7 (0.0) 0 56.9 (-6.3) 7

Amazon 41.8 (-3.9) 3 79.4 (0.0) 0 63.4 (-3.0) 1
Products 75.6 (+0.1) 0 77.8 (+0.1) 0 73.3 (0.0) 0
Papers 42.0 (+1.4) 0 50.0 (+0.3) 0 49.3 (+0.4) 0

TABLE II: Effectiveness of Reforge’s recomputation policy
(§V-B2). ‘Acc.’ column represents the accuracy with full com-
putation graphs and the percentage of accuracy drops with PEs
(without recomputation). ‘γ’ column shows the recomputation
budget to achieve less than 1% points of accuracy drop.

We describe the high-level idea of the proof of the theorem.
Given a constant sum of probabilities γ, we derive a lower
bound of the estimator using the Cauchy–Schwarz inequality.
Equality holds when the recomputation probabilities align with
those specified in the theorem.

2) The Top-Query-Edges-Ratio Policy: Based on the anal-
ysis, a recomputation policy can calculate the optimal prob-
abilities and recompute the PEs within the top γ% of these
probabilities. However, the exact calculation requires the full
embeddings of query nodes to obtain the messages (m(l)

v ) of
query nodes, which is infeasible in serving. Thus, instead of
computing the full embeddings, we adopt the simplification
from prior work [43], whereby our recomputation policy
approximates pu ∝ |NQ(u)|

|N (u)| without considering the message
terms. We explain the intuition and highlight the policy’s
effectiveness below.

We name our policy top-query-edges-ratio since it recom-
putes PEs with higher ratios of edges from query nodes. For
instance, in Fig. 6 (right), the policy recomputes the PEs of
nodes 2 and 7. Intuitively, a higher ratio of query edges is
likely to change the PE significantly and result in a large
approximation error. Empirically, Fig. 5 (right) shows this
policy (Reforge) can recover accuracy drops almost similarly
to recomputation based on real approximation errors (AE).

To further assess the effectiveness of Reforge’s policy,
we compare it with two alternatives, IS and Random, as
shown in Fig. 5 (right). IS chooses recomputation targets
based on node importance scores, defined for each node v as
IS(v) = 1

deg(v)

∑
u∈N(v)

1
deg(u) , following existing sampling-

based training methods [43], [45], [58]. Though beneficial
for reducing sampling variance during training, these scores
focus more on existing nodes and are less effective for
recomputation during serving, resulting in less optimal perfor-
mance compared to Reforge’s policy. Random selects targets
randomly. This approach fails to identify error-prone PEs,
leading to ineffective recovery of accuracy losses, even with
large recomputation budgets.

In Table II, we evaluate Reforge’s policy across represen-
tative GNN models and graph datasets, which shows it can
effectively recover accuracy to within 1% point with minimal
budget. Our policy consistently outperforms the alternatives,
IS and Random, similar to the result in Fig. 5 (right). We
extensively evaluate the recomputation policies across diverse
GNN models and graph datasets, and observe consistent

Algorithm 1 Reforge Distributed Execution of CGP
Params: n parts: number of partitions, γ: recomputation ratio, n layers:
number of GNN layers, q n: query nodes, q e: query edges, q f : query features

1: def Serving Request Partitioning(q n, q e, q f):
2: part reqs← [ ]
3: for p i← 0 to n parts− 1 do
4: p e← {(u→ v) ∈ q e|part(u) = p i}
5: p f ← {q f [w]|w ∈ q n, part(w) = p i}
6: part reqs← part reqs ∪ {q n, p e, p f}
7: return part reqs

8: def Computation Graph Generation(q n, p e):
9: last cg ← (q n, p e) ▷ Destination nodes and edges

10: rc cands← srcs(last cg)\q n
11: rc n← Nodes with top γ % query-edge-ratio in rc_cands
12: reuse n← rc cands\rc n
13: rc n← ALL GATHER(rc n)
14: rc e← local part.edges(rc n)
15: rc cg ← (q n ∪ rc n, p e ∪ rc e)
16: return last cg, rc cg, reuse n

17: def Computation Graph Execution(last cg, rc cg, reuse n, p f):
18: n← srcs(rc cg)\q n
19: embs← local part.feats(n) ∪ p f
20: for l← 1 to n layers− 1 do
21: embs← Dist Layer Exec(rc cg, embs)
22: if l < n layers− 1 then
23: n← srcs(rc cg)\dsts(rc cg)
24: embs← embs ∪ local part.pes(n, l)
25: else
26: embs← embs ∪ local part.pes(reuse n, l)
27: return Dist Layer Exec(last cg, embs)

results. Detailed results are omitted due to space constraints.
Finally, Reforge allows for changing the amount of re-

computation through the recomputation budget parameter γ
to navigate the tradeoff between accuracy and latency. Users
can adjust the parameter depending on the model, dataset,
and acceptable percentage of accuracy drop and latency. We
evaluate this tradeoff in §VIII-D and show that Reforge can
recover accuracy drops with minimal latency increase. We plan
to investigate automatic selection of the recomputation budget
based on runtime distributions of query nodes in future work.

VI. COMPUTATION GRAPH PARALLELISM

While SRPE mitigates the neighborhood explosion problem,
communication overhead remains significant. We observe that
over 80% of the latency is due to creating computation
graphs, which involves fetching feature vectors, PEs, and
neighbor edges from remote machines and copying them to
GPU memory (§VIII-C). We now describe computation graph
parallelism (CGP) to further reduce communication overhead
by distributing computation graph creation and execution.

A. Distributed Creation and Execution

We describe the key steps in CGP (Algorithm 1) using
an example serving request with two batched query nodes
(i.e., nodes 8 and 9) at the top of Fig. 7a.
Serving Requests Partitioning. Reforge’s master first splits
incoming serving requests. Specifically, the master evenly
assigns partitions to every query node in a request. In our
example, nodes 8 and 9 are assigned to partitions 0 and 1,
respectively. The edges in a request are then split based on
the source nodes’ partitions to enable local aggregation. For
instance, the edges whose source nodes are 2, 4, and 8 are
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Fig. 7: (a) An example serving request on the graph dataset
in Fig. 1 with the partitioned requests depicted at the bottom.
(b) Partitioned computation graphs for the request.

included in the partitioned request for partition 0, as depicted
at the bottom left of Fig. 7a. The feature vectors of query nodes
follow the partitions of the query nodes. The master sends the
partitioned edges and features to corresponding computation
graph builders.
Computation Graph Generation. Among the edges, each
builder uses those having query nodes as destination nodes
to create the last layer of a computation graph (e.g., Layer-2
in Fig. 7b). Each builder then applies Reforge’s recomputation
policy (§V-B2) to identify recomputation target nodes among
the input nodes of the last layer. In Layer-2 of Fig. 7b,
while the PEs of nodes 3 and 4 are reused, the embeddings
of nodes 2 and 7 are recomputed. For the recomputation,
all of the edges terminating at the target nodes need to be
included in the other layers. Since the edges are distributed
across different partitions, the builders first broadcast their
recomputation target nodes to each other through all-gather
collective (e.g., nodes 2 and 7), extract the required edges from
local graphs (e.g., 4 � 2 and 6 � 7 in Layer-1 of partition
0 in Fig. 7b) and from the partitioned requests (e.g., 8 � 2),
then create the remaining layers (e.g., Layer-1 in Fig. 7b).
Layer-wise Distributed Execution. With the computation
graphs, GNN executors compute the embeddings of the query
nodes by executing GNN layers sequentially. To first compute
Layer-1 embeddings, each executor computes partial aggrega-
tions using its local features, shuffles them with the other ex-
ecutors through collective communications, and merges them.
The output embeddings are concatenated with the local PEs,
which are used as the input for the next layer (e.g., Layer-2
input embeddings in Fig. 7). The process is repeated until
the query nodes’ embeddings are computed in the last layer
execution.

To enable the distributed execution, Reforge extends con-
ventional message passing (Eq. 1). Instead of applying the
aggregation function to the entire neighborhood, Reforge
generates a local aggregation for each partition using the
neighbors placed in each partition. Reforge further defines a
merge function to compute global aggregations with the local

Algorithm 2 Reforge Distributed Layer Execution with At-
tention Mechanism

Params: M : weights matrix, a⃗: learnable attention weights, n parts: number of
partitions

1: def Dist Layer Exec(dst nodes, edges, embs):
2: for dst node ∈ dst nodes do ▷ Compute local aggregations
3: h dst←M(embs[dst node])
4: local srcs← {u|(u, dst node) ∈ edges}
5: h local srcs←M(embs[local srcs])
6: logits← a⃗(h dst||h local srcs)
7: logit max← max(logits)
8: exp sum←

∑
l∈logits exp(l− logit max)

9: aggr ←
∑

u∈local srcs
exp(logits[u]−logit max)

exp sum h local srcs[u]

10: ALL-TO-ALL for local aggr, exp_sum, and logit_max
across partitions into aggrs, exp_sums, and logit_maxs

11: for dst node ∈ dst nodes do ▷ Merge local aggregations
12: g logit max← max(logit maxs)
13: rescales← exp(logit maxs− g logit max)
14: g exp sum←

∑
p∈n parts exp sums[p] ∗ rescales[p]

15: outputs[dst node]←
∑

p∈n parts
aggrs[p]∗rescales[p]

g exp sum

16: return outputs

aggregations. The l-th layer execution is as follows:

a(l)v,p =
⊕̂(l)

u∈Np(v)
{M (l)(h(l−1)

u )}, 0 ≤ p < P

h(l)
v = U (l)(h(l−1)

v ,
⊎(l)

{a(l)v,p}0≤p<P )

(3)

Here, P is the number of partitions, Np(v) returns the
neighbors of a node v in a partition p, a(l)v,p represents a local
aggregation for v in p,

⊕̂
is the local aggregation function,

and
⊎

is the merge function.

B. Custom Merge Functions

Applying CGP is straightforward for GNN models with
commutative and associative aggregations, such as sum or
max, but not so for more complex generalized arithmetic
aggregations [64], [65] or softmax-based aggregation with
learned weights [59], [66]. We explain how to handle them
below.
Generalized Arithmetic Aggregation. Beyond simple av-
erage functions, some GNN models leverage power mean
aggregation [65] or normalized moments aggregation [64].
For power mean aggregation (i.e., ( 1

|N (v)|
∑

u∈N (v) m
p
u)

1
p ),

Reforge computes the local aggregations by summing local
messages after applying the pow() function with p. To merge
them, Reforge adds the aggregations and then applies the
pow() function with 1/p. Normalized moments aggregation
(i.e., ( 1

|N (v)|
∑

u∈N (v)(mu − m̄)n)
1
n ) requires the mean of

the messages (m̄). Reforge first computes the mean values
for each destination node then broadcasts the values with
an all-gather operation. Then, Reforge computes the global
aggregations with the same procedure used in the power mean
aggregation.
Softmax-based Aggregation. GNN models can utilize the
attention mechanism [59], [66], which learns attention weights
using the softmax function [67] to identify important nodes
in the neighborhood. To employ the aggregation, a learned
attention weight needs to be computed for each edge, which
requires the embeddings of destination nodes [59]. As de-
scribed in Algorithm 2, Reforge optionally employs an all-



Dataset Nodes Edges Avg. Deg. Features Hiddens

Reddit [44] 232 K 115 M 492 602 128
Yelp [43] 717 K 14.0 M 20 300 512

Amazon [43] 1.6 M 264 M 168 200 512
Products [74] 2.4 M 124 M 52 100 128
Papers [74] 111 M 1.6 B 14 128 512
FB10B [75] 30 M 10 B 333 1024 128

TABLE III: Graph datasets used in the evaluation. The first
four columns represent the number of nodes, number of
directed edges, average degrees, and feature dimensions. The
last column denotes the hidden dimensions of GNN models.

gather operation for destination embeddings (i.e., h
(1)
8 and

h
(1)
9 ) to enable local aggregation. Next, the attention weights

are normalized using the softmax function. For merging these
softmax-based local aggregations while maintaining numerical
stability, Reforge additionally generates the exponential sum
of logits and the maximum logits in each partition and adds
them to the local aggregations, which are then utilized in the
merging step.

We note there are some stateful aggregations [44], [68] to
which CGP cannot be directly applied; e.g., those leveraging
recurrent neural networks (RNNs) [69] to aggregate messages
with recurrent hidden states. The strict dependency on aggre-
gation prevents CGP from computing local aggregations in
parallel. Since the RNN model must be sequentially applied
to each neighbor in the resulting central aggregation, serving
latency can become excessive. For instance, in our measure-
ments of serving latency for a 3-Layer GraphSAGE [44]
model with RNN-based and mean aggregations under identical
settings in Table I, we observe that the RNN-based aggregation
requires substantially more time, taking 41× longer (28.9 s)
compared to mean aggregation (702 ms).

VII. IMPLEMENTATION

We implement Reforge in C++ and Python on top of the
distributed Deep Graph Library (DGL) [24] and PyTorch [70].
Specifically, Reforge reuses DGL’s graph structures and
message-passing APIs together with PyTorch’s DNN operators
and communication back-ends. Computation graph builders
communicate via PyTorch GLOO [71], while the master node
coordinates with workers through PyTorch RPC [72]. During
execution, Reforge customizes DGL’s message-passing prim-
itives to replace global aggregation with local aggregation, all-
to-all communication, and merging. It uses DGL for local ag-
gregation, PyTorch NCCL [73] for cross-GPU communication,
and PyTorch’s DNN operations for the merging.

VIII. EVALUATION

We evaluate the performance of Reforge using popular
benchmark graph datasets and representative GNN models. We
compare DGL-based [24], [28] baseline serving systems with
our techniques, SRPE (§V), CGP (§VI), and their combination.
Our evaluation addresses the following key questions:
• How much does Reforge improve latency and accuracy

compared to the baseline systems (§VIII-B)?

• To what extent do SRPE and CGP contribute to the reduc-
tion in Reforge’s latency (§VIII-C)?

• What are the recomputation and memory overheads of
using PEs (§VIII-D)?

• How well does Reforge scale with additional GPUs and
machines (§VIII-E)?

A. Experimental Setup

Testbed. We conducted our experiments on a GPU cluster
with 4 servers, each equipped with two 32-core AMD 7542
CPUs, 512 GB of main memory, and two NVIDIA V100S
GPUs with 32 GB of memory. The servers are connected with
25 Gbps Ethernet links via a switch. All servers run 64-bit
Ubuntu 22.04 and DGL v1.0.2.
GNN Models. We evaluate Reforge on three representative
GNN models, Graph Convolutional Networks (GCN) [76],
GraphSAGE (SAGE) [44], and Graph Attention Networks
(GAT) [59]. We use two layers for GCN and three layers
for SAGE and GAT models to avoid the over-smoothing
problem [77]–[79] with deeper GNN models.
Datasets. We evaluate Reforge on six graph datasets detailed
in Table III. Products [74] and Papers [74] are widely used for
assessing GNN performance [23], [42], [46], [61]. Reddit [44],
Yelp [43], and Amazon [43] represent real-world web services
where GNNs power applications like recommendations. For
testing Reforge on a larger scale, we include FB10B, a
synthetic dataset with 10 billion edges modeled after Face-
book’s social network [75] with randomly generated 1,024-
dimensional features, reflecting the high dimensionality in
real-world scenarios [9], [62], [80].
Workloads. We synthesize serving workloads because no
public large-scale GNN traces exist. For each dataset, we
hold out 25% of test nodes, remove their incident edges,
and later form requests by sampling query nodes from this
set and reinstating their edges to the retained graph. We
generate 500 requests, each with a batch size of 1,024, for each
graph dataset and reuse them across experiments. Requests run
sequentially, and the averaged latencies are reported.
Baselines. For a fair comparison with Reforge, which is based
on Distributed DGL (§VII), we implement the following two
baseline GNN service systems using DGL [24].1

• DGL (Full) constructs and executes full computation
graphs that consist of the entire k-hop neighborhood of
query nodes. This approach is typically preferred for rela-
tively small graphs [31], [32].

• DGL (NS) employs neighborhood sampling to reduce
latencies at the expense of accuracy [9], [30], [33]. We
use widely adopted sampling fanouts [30], [44], [50], [81]
of (25, 10)2 and (15, 10, 5) for models with 2 and 3 layers
unless otherwise specified.

1Since DGL is primarily designed for training, we adapt distributed
DGL [24] by removing the backward pass and using only the forward pass
in both baselines.

2The (25, 10) fanout means sampling at most 10 neighbors at the first hop
and sampling at most 25 neighbors for each direct neighbor.
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Fig. 8: End-to-end serving latency of Reforge and baseline systems (in log scale) across three models and six datasets. The
numbers within each bar represent the latency values for Reforge or the relative speedup of Reforge compared to each system.
‘OOM’ indicates that a system failed to execute the workload due to a CUDA Out-of-Memory error.

Default Configurations. Unless noted otherwise, we use a
batch size of 1,024 and run on 4 machines, each with one
GPU. Reforge applies the recomputation policy (§V-B2), with
budget γ chosen to keep the accuracy loss under 1% (Table II).
For FB10B (which uses synthetic feature vectors), we disable
recomputation. We use random hash partitioning by default for
load balancing. We do not use locality-aware partitioners such
as Metis [82], as they are applied before the arrival of query
nodes and therefore do not improve the locality of neighbors
for the queried nodes, yielding marginal benefit in our setting.

B. Overall Performance

We evaluate the end-to-end serving latency and accuracy
of Reforge in comparison to DGL (Full) and DGL (NS). In
Fig. 8, we report the latencies of Reforge and the baseline sys-
tems, along with relative speedups, across six datasets listed in
Table III and GCN, SAGE, and GAT models. To highlight the
contributions of SRPE and CGP, we also include latencies for
Reforge (SRPE) and Reforge (CGP), representing Reforge
with only SRPE and CGP, respectively.
Compared to DGL (Full). Reforge significantly reduces
latency while minimizing accuracy drop. For instance, as
shown in Fig. 8, Reforge achieves 159× lower latency than
DGL (Full) for the SAGE model with the Amazon dataset.
Reforge handles large graphs with higher degrees efficiently,
leveraging SRPE’s precomputation and CGP’s local aggrega-
tion. For the FB10B dataset, Reforge successfully runs GNNs
on the largest dataset by significantly reducing computation
graph sizes, whereas DGL (Full) fails due to CUDA out-of-
memory (OOM) errors. The Papers dataset shows little benefit
from Reforge since its serving nodes have low degrees (2.4
on average), and DGL (Full) shows low latency of 15 ms.
Compared to DGL (NS). We first study how neighborhood
sampling affects accuracy. For GCN and GAT models on
Amazon and Yelp datasets, accuracy loss from sampling com-
pared to Reforge is significant (1.7% to 5.0% in Table IV),

Systems Yelp Amazon
GCN SAGE GAT GCN SAGE GAT

DGL (NS) 36.2% 63.7% 50.9% 36.1% 79.4% 60.8%
Reforge 41.5% 63.7% 55.9% 40.9% 79.4% 62.5%

TABLE IV: Test accuracies of Reforge and DGL (NS) using
three GNN models (GCN, SAGE, GAT) on the Yelp and Ama-
zon datasets. Reforge employs SRPE with the recomputation
budgets from Table II, maintaining less than 1 % point of
accuracy loss. Latency results are provided in Fig. 8.

while Reforge achieves substantial latency speedups (1.3× to
5.7× in Fig. 8) with less than 1% point accuracy loss. SAGE
models are more resilient to sampling, typically showing
negligible accuracy losses, as reported in prior work [81].
Overall, Reforge demonstrates minimal accuracy drop while
significantly reducing latency across all cases.

Additionally, sampling allows DGL (NS) to handle the
largest dataset, FB10B, without CUDA OOM. However, even
with sampling, the total neighbors can be large. For instance,
with a (15, 10, 5) sampling configuration, one query node can
have up to 750 3-hop neighbors, leading to high communica-
tion overheads for fetching associated feature vectors, resulting
in a latency of 2.0 seconds for FB10B. In contrast, Reforge
effectively reduces computation graph sizes through SRPE and
minimizes communication overheads with CGP, outperforming
DGL (NS) by up to 10.8×.

C. Contributions of Reforge’s Techniques

To better understand the performance benefits of Reforge,
we analyze the respective contributions of SRPE and CGP.
Contribution of SRPE. We present the latency breakdown
and required communication size of DGL (Full), DGL (NS),
Reforge (SRPE), and Reforge in Fig. 9. DGL (Full) suffers
from fetching feature vectors and edges for the entire k-hop
neighborhood during computation graph creation (Fetch),
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Fig. 10: Latency and accuracy trade-off of Reforge varying
recomputation budget with GCN and GAT models and Ama-
zon and Yelp datasets.

taking several seconds to serve a single request or causing
CUDA OOM. In contrast, SRPE reduces computation graph
sizes and communication overhead. For example, in the Ama-
zon dataset, SRPE reduces the communication volume by 18×,
from 7.4GB to 411MB, and latency by 29×, from 8.2s to
278ms.
Contribution of CGP. CGP’s local aggregation effectively
reduces the communication overhead of SRPE, as it only
requires collective communications for the query nodes and
a small number of recomputation target nodes (e.g., nodes 2,
7, 8, and 9 in Fig. 7b). As shown in Fig. 9 (denoted Reforge),
CGP’s local aggregations minimize communication to a few
MBs of necessary collective communications, reducing latency
of Reforge (SRPE) by 5.5× (from 278 ms to 51 ms) and 5.4×
(from 978 ms to 181 ms) for the Amazon and FB10B datasets.

We observe that CGP alone can provide limited benefit. As
Fig. 8 shows (denoted Reforge (CGP)), while CGP reduces
latency for 2-hop computation graphs (i.e., GCN) relative to
DGL (Full), its performance for 3-hop graphs (i.e., SAGE,
GAT) is poorer since deeper GNN models’ neighborhoods
expand to encompass most of a dataset, limiting local aggre-
gation effectiveness.
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D. Recomputation and Memory Overhead of PEs

While SRPE provides significant latency benefits, it also in-
troduces additional costs: recomputation (to mitigate accuracy
losses) and memory (to store PEs on the host). We evaluate the
impact of recomputation on latency and accuracy, and discuss
the memory overhead of PEs.
Recomputation Overhead. We assess the trade-offs between
latency and accuracy based on the budget of Reforge’s
recomputation policy (§V-B). Fig. 10 presents results for GCN
and GAT models using the Yelp and Amazon datasets, which
experience the largest accuracy drops without PE recomputa-
tion. The results demonstrate that Reforge’s policy effectively
minimizes recomputation costs; for instance, a recomputation
budget of 7% reduces accuracy losses from 6.3% points to just
1.0% points, while increasing latency by only 11 ms for the
GAT model on the Yelp dataset.
Memory Overhead. The memory required to store PEs is
proportional to the number of layers, hidden dimensions, and
data type size: (L − 1) ∗H ∗D bytes. Among the evaluated
workloads, the Papers100M dataset results in the largest PE
memory footprint. For a 3-layer GNN with 512-dimensional
hidden states, storing PEs requires approximately 455 GB.
Reforge stores PEs in host CPU memory and distributes them
across machines using CGP; in our 4-machine evaluation
cluster with 2 TB of aggregate host RAM, this corresponds to
22% of the available memory. This enables Reforge to elimi-
nate recursive neighborhood fetching during serving, yielding
order-of-magnitude latency reductions (Fig. 8).

E. Scalability Analysis

In this section, we examine the impact of varying the num-
ber of machines and GPUs on the latency and throughput of
Reforge. Additionally, to minimize communication and host-
to-device transfer overheads, existing GNN serving systems
often employ GPU feature caching [30], [81]. We therefore
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Fig. 13: Latency of Reforge and DGL (NS) varying feature
cache size with SAGE model and FB10B dataset.

analyze the effect of GPU feature caching as part of our
evaluation. We evaluate performance on the largest FB10B
dataset and compare Reforge with DGL (NS), as DGL (Full)
is unable to run the workload due to CUDA OOM errors.
Latency. In Fig. 11, we vary the number of GPUs: 2 (on
2 machines), 4 (on 4 machines), and 8 (with 4 machines
each using 2 GPUs). While DGL (NS) does not benefit
from additional resources due to its centralized execution,
Reforge demonstrates strong scaling by distributing the host-
to-GPU memory transfer across multiple GPUs, with each
GPU handling only local feature vectors and PEs. As a result,
for instance, the latency of Reforge with the GAT model
decreases by 67% (from 282ms to 88ms), whereas DGL (NS)
only shows a 9% (from 2.2s to 2.0s) reduction in latency.
Throughput. We analyze the throughput of Reforge and
DGL (NS) by modeling request arrivals with a Poisson distri-
bution and feeding workloads into both systems in Fig. 12.
While DGL (NS) enables concurrent request handling by
individual GPUs, significant network contention limits its scal-
ability, achieving only a 2.6× increase in maximum throughput
from 2 to 8 GPUs. In contrast, Reforge leverages CGP
to reduce communication overhead and avoid contention,
resulting in a 3.8× increase in throughput. Furthermore, with
8 GPUs, Reforge outperforms DGL (NS) by 4.7× while
maintaining significantly lower latency.
Impact of Feature Cache. We evaluate how the feature
caches in GPUs impact the serving latency of Reforge and
DGL (NS). Following prior work [27], we sort nodes by their
out-degrees, caching the highest-ranked nodes to maximize the
chances of cache hits. As shown in Fig. 13, both Reforge
and DGL (NS) benefit from caching, but Reforge sees a
much larger reduction in latency. For example, with a 16GB
cache, Reforge’s latency drops by 65%, compared to 39% for
DGL (NS). This is because Reforge takes advantage of CGP’s
distributed execution, where each GPU caches frequently
accessed nodes from its local subset of data. In contrast,
DGL (NS) uses a centralized execution approach, requiring
every GPU to consider nodes from the entire dataset.

IX. RELATED WORK

GNN Serving Systems. Several systems [9], [30], [33], [50]
accelerate GNN serving for large graphs through sampling.
However, as discussed in §III-B and §VIII-B, sampling often
results in significantly higher latency and/or lower accuracy.
Other systems [31], [32] focus on resource-efficient techniques
for optimizing GNN serving in decentralized environments.

Serving with the full computation graphs in these systems
is prohibitively memory-intensive and slow for large-scale
graphs (§VIII-B). In contrast, Reforge’s SRPE efficiently re-
duces computation graph size through selective recomputation,
achieving higher accuracy than sampling-based approaches
while requiring smaller graphs (§VIII-B). Additionally, while
existing GPU-based GNN serving systems such as Quiver [30]
and SALIENT [81] rely on centralized execution with feature
caching limited to single-GPU memory, Reforge employs
CGP to enable distributed execution with pooled GPU memory
across the cluster, which improves the effectiveness of feature
caching at scale (§VIII-E).

RIPPLE [83] and InkStream [84] incrementally update node
embeddings from the deltas caused by query nodes to address
the overhead of GNN serving. However, those systems primar-
ily support linear aggregation and have limited support for
attention-based models. In contrast, Reforge systematically
employs CGP with custom merge functions, supporting a wide
range of GNN models.
GNN Kernel Optimizations. Existing systems optimize GNN
execution on GPUs using techniques like kernel fusion and
pipelining to enhance performance [26], [85]–[87]. For exam-
ple, GNNAdvisor [85] reduces atomic operations and global
memory access through runtime graph-aware warp and block-
level organization. While these optimizations could be inte-
grated into Reforge, they do not address communication over-
heads in serving. Similarly, HAG [88] introduces hierarchical
aggregation to eliminate redundancy, which is comparable but
distinct from CGP’s local aggregation.
GNN Training Systems. To mitigate the overhead of large
neighborhoods, many GNN training systems use approxi-
mations such as historical embeddings [46]–[48] or sam-
pling [23]–[25], [27], [28], [42], [49], [53], [60]–[62]. How-
ever, both approaches often fall short of preserving full
model accuracy. Historical embeddings do not account for
dependencies introduced by query nodes, degrading accuracy
(Table II), while sampling approximates the full neighborhood
and causes accuracy loss (Table IV). Moreover, these systems
rely on centralized execution, leading to high latency in GNN
serving (Fig. 8). Reforge achieves minimal accuracy loss
via SRPE and reduces latency via CGP, outperforming these
techniques in both dimensions (§VIII-B). Full-graph training
systems [26], [89]–[91] avoid computation graph construction
by operating on the entire graph, but are designed for static
graphs and lack dynamic computation graph creation for new
query nodes, making their techniques either inapplicable or
complementary to Reforge.

X. CONCLUSION

We present Reforge, a distributed GNN serving system
designed to deliver low latency and minimal accuracy loss
for large graphs. Reforge leverages two key techniques,
SRPE (§V) and CGP (§VI), to mitigate the substantial over-
heads from large neighborhoods. Our evaluation shows that
Reforge can achieve up to orders of magnitude lower latency
than baseline serving systems with minimal accuracy loss.
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Appendix: Artifact Description
Artifact Description (AD)

I. OVERVIEW OF CONTRIBUTIONS AND ARTIFACTS

A. Paper’s Main Contributions

This paper presents Reforge, a distributed GNN serving
system that achieves low-latency inference by reusing and
selectively recomputing precomputed node embeddings and by
parallelizing computation graph construction across machines.
In summary, our key contributions are as follows:

C1 SRPE: We propose Selective Recomputation of Pre-
computed Embeddings, which statistically minimizes
accuracy loss by recomputing only a small, high-
impact fraction of cached embeddings, dramatically
reducing the communication volume required during
GNN serving.

C2 CGP: We propose Computation Graph Parallelism,
in which each machine builds a local partitioned
computation graph using only locally available data
and aggregates results via all-to-all collectives, avoid-
ing centralized neighborhood fetching.

C3 Reforge: We implement and evaluate the full system
on a four-machine GPU cluster across six datasets
and three GNN models, achieving up to 159×/10.8×
lower latency than DGL (Full)/DGL (NS) with less
than 1% accuracy loss.

B. Computational Artifacts

A1 is the sole artifact accompanying this paper and covers
all three contributions listed above. The source code is not
publicly available.

Artifact ID Contributions Related
Supported Paper Elements

A1 C1 (SRPE) Fig. 5, 8, 9, 10; Tables II, IV
C2 (CGP) Figs. 8, 9, 11, 12
C3 (Reforge) All figures/tables in §VIII

II. ARTIFACT IDENTIFICATION

A. Computational Artifact A1

Relation To Contributions

A1 comprises the Reforge source code: a fork of Distributed
DGL v1.0.2 extended with SRPE and CGP and packaged
as the reforge Python module. In addition to the system
implementation, the artifact ships dataset preparation scripts,
model training scripts, multi-machine experiment launchers,
which produce measuremetns (e.g., latency, throughput, and
accuracy), that together reproduce every result reported in this
paper.

Expected Results

Running A1 should reproduce the following key results
from §V: SRPE cuts communication volume by up to 18×
and per-request latency by up to 29× over DGL (Full) by
selectively recomputing only a small, high-impact fraction
of cached embeddings. Adding CGP yields a further latency
reduction of up to 5.5× by replacing centralized neighborhood
fetching with distributed computation graph construction. To-
gether, the full Reforge system reaches up to 159× and 10.8×
lower latency than DGL (Full) and DGL (NS), respectively,
at less than 1% accuracy loss across all six datasets and three
GNN models.

Expected Reproduction Time (in Minutes)

Setup. Installing Reforge and its Python dependencies takes
a few minutes.

Execution. Reproducing the paper’s results involves four
tasks described in detail below. Downloading and partitioning
all six graph datasets across the cluster (T1) takes approx-
imately 720 minutes. Training all GNN model and dataset
combinations (T2) takes approximately 1440 minutes. Evalu-
ating model accuracy and SRPE recomputation policies (T3)
takes approximately 120 minutes. Running all serving per-
formance experiments (T4) takes approximately 600 minutes.
DGL (Full) on large graphs such as FB10B may be omitted
when GPU memory is insufficient.

Artifact Setup (incl. Inputs)

Hardware: Four machines, each equipped with
2× NVIDIA V100S 32 GB GPUs, 2× AMD EPYC 7542
CPUs, and 512 GB host RAM, connected via 25 Gbps
Ethernet. All machines must be reachable by passwordless
SSH as node0–node3 from node0.

Software: Tested on Ubuntu 22.04 with CUDA 11.8. Re-
quired libraries:

• PyTorch, 1.13+, https://pytorch.org
• Reforge/DGL, 1.0.2, built from A1

Datasets / Inputs: Five standard datasets (Reddit, Yelp,
Amazon, OGB-Products, OGB-Papers100M) are downloaded
automatically via OGB during graph partitioning. FB10B [1]
is a publicly available 10-billion-edge synthetic graph. Each
machine requires at least 1 TB of disk space.

Installation and Deployment: After installing PyTorch, con-
figure the following environment variables on all machines:

export DGL_HOME=$PWD
export DGL_LIBRARY_PATH=$DGL_HOME/build
export PYTHONPATH=$PYTHONPATH:$DGL_HOME/python
export DGL_DATA_HOME=<path with >=1 TB free>
export DGL_IFNAME=<network interface>

Then compile the C++ backend and install the reforge
Python package:

mkdir build && cd build



cmake .. && make -j
cd ../python
python setup.py build_ext --inplace

Artifact Execution

Reproducing the paper’s results requires executing four
tasks in sequence from node0, each building on the outputs
of the previous. We provide a driver script for each task; all
scripts accept an output directory and coordinate the four-
machine cluster via passwordless SSH.

T1: Dataset Preprocessing (preprocess_data.py).
This task downloads all six graph datasets, partitions each
graph into per-machine shards using distributed graph parti-
tioning, and distributes the resulting partitions to all cluster
nodes. After partitioning, it extracts query nodes from each
dataset’s test set (25% of test nodes held out as described
in §V) and generates serving request batches of 1,024 query
nodes each.

T2: Model Training (train_models.py). This task
trains all GNN model and dataset combinations (3 mod-
els × 6 datasets) by sweeping hyperparameters over learning
rates and dropout probabilities. Each combination is trained
until validation loss no longer improves. The script selects the
checkpoint with the highest test accuracy per combination,
producing trained model weights and precomputed embed-
dings (PEs) used in subsequent tasks.

T3: Model Accuracy and SRPE Policy Evaluation
(evaluate_accuracy.py). Using the trained models and
PEs from T2, this task measures serving accuracy under
varying recomputation budgets (γ). It evaluates the proposed
top-query-edges-ratio heuristic, importance-score-based, and
random recomputation policies. The results reproduce Table II
(accuracy comparison between Reforge and DGL (NS)), Ta-
ble IV (per-dataset/model recomputation budgets), and Fig. 10
(recomputation budget vs. latency/accuracy tradeoff).

T4: Serving Performance Measurement
(run_serving.py). This task provides a distributed
launcher that spawns processes across the cluster running
Reforge and both baseline systems (DGL (Full) and
DGL (NS)). Pre-generated serving requests from T1 are fed
to each system to measure per-request latency, per-stage
latency breakdown (Fetch / Copy / GPU), communication
volume, and throughput under varying request rates.
Experiments cover all dataset and model combinations,
varying numbers of GPUs (2, 4, 8) and GPU feature cache
sizes. The results reproduce Fig. 8 (end-to-end latency),
Fig. 9 (latency breakdown and communication sizes), Fig. 11
(scalability with GPUs), Fig. 12 (latency-throughput), and
Fig. 13 (impact of GPU feature caching).
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