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ABSTRACT

Graph embedding maps graph nodes into low-dimensional vectors to
support applications such as recommendation, fraud detection, and
retrieval-augmented generation. As graphs scale to billions of edges,
scalable and efficient graph embedding has become increasingly im-
portant. Existing frameworks commonly adopt a sampling-training
paradigm, in which mini-batches are constructed by sampling nodes
and their neighbors. However, sampling is typically decoupled from
evolving embedding quality, causing redundant exploration of well-
trained regions while under-sampling undertrained nodes. At the
system level, such decoupling further leads to excessive communica-
tion, serialized execution, and low resource utilization in distributed
settings. We present FeLoG, a feedback loop-driven system for dis-
tributed graph embedding. (1) FeLoG introduces feedback-coupled
sampling and training, dynamically prioritizing undertrained nodes
according to real-time embedding-quality feedback, reducing re-
dundant computation and accelerating convergence. (2) It employs
activity-aware communication that compresses frequently occur-
ring node sequences to reduce intra-machine PCle traffic and selec-
tively synchronizes frequently updated embeddings to reduce inter-
machine communication. (3) It adopts a round-interleaved pipeline
that overlaps next-round sampling with current-round training to
improve CPU-GPU utilization. Experiments against state-of-the-art
baselines on large-scale graphs show that FeLoG achieves an average
speedup of 27.9%, reduces communication cost by more than 53.1%,
and sustains over 80% CPU-GPU utilization.
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Figure 1: (a) Existing approaches vs. FeLoG (ours) w.r.t. model-
and system-level design choices and efficiency-scalability perfor-
mance; (b) our design objectives for the proposed system FelLoG.
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1 INTRODUCTION

Graph embedding [8], a powerful tool for graph analytics, has be-
come a cornerstone for learning node representations from graph
data. Specifically, it transforms high-dimensional, sparse graph struc-
tures into low-dimensional, dense vector spaces, preserving both
structural and attribute information of the original graph. Beyond tra-
ditional data-driven tasks, e.g., recommendation [71], link prediction
[48], and node classification [63], their versatility has recently ex-
tended to retrieval-augmented generation (RAG) [15]. Embeddings
act as a bridge between graph-structured data and large language
models (LLMs), enabling efficient retrieval and grounding over
large-scale graphs. In such applications, graphs can be huge with
millions of nodes and billions of edges. For example, the Stanford
OGB-papers100M citation network contains over 111 million nodes
and 1.6 billion edges, posing significant challenges for tasks such as
link prediction and classification [25]. Similarly, GraphRAG frame-
works leverage knowledge graphs with comparable or greater scale,
often containing millions of entities and relationships [37].

The commonly-used graph embedding paradigms follow a two-
stage process: sampling and training. In random walk-based methods
[20, 23, 43], node sequences or subgraphs are sampled from the orig-
inal graph, and are used to train embedding models. In graph neural
network (GNN)-based approaches [24, 34, 54], the sampling step
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selects a subset of neighbors for each node to construct computation
subgraphs, and the training stage then performs message passing
and aggregation on these sampled subgraphs to learn the final em-
beddings. When the scale of graph data increases, the fundamental
challenges in graph embedding primarily lie in efficiency and scala-
bility, as depicted in Figure 1(a). At the core of these challenges is
the decoupled sampling-training paradigm, which serves as the root
cause of inefficiencies across both the model and system levels.

From the model perspective, the separation of sampling from
training generates large amounts of redundant or uninformative
training data without guidance from the evolving embedding states,
thereby driving both computational and memory inefficiencies. Clas-
sical methods such as DeepWalk [43] and node2vec [23] require
months to process graphs with hundreds of millions of nodes and
edges [70], and their scalability is further constrained by excessive
memory consumption [20]. Even neighbor-sampling methods such
as GraphSAGE [24] spend over 80% of runtime on sampling due
to the lack of feedback from training. More recent methods like
HuGE [19, 20] guide sampling adaptively but remain limited by the
decoupled paradigm, hindering redundancy control and efficiency.

From the system perspective, existing efforts exploit heteroge-
neous architectures or distributed clusters by leveraging stronger
GPUs [36, 55, 59], larger SSDs [29, 41, 42], or scale-out designs
[16, 58, 73]. However, the decoupled sampling-training paradigm
is also the key reason behind system-level inefficiencies, which
persist despite these advances. One critical challenge is high com-
munication overhead, as the bandwidth gap between computation
and interconnect severely limits scalability. Since sampling is de-
coupled from training, the system must transfer all sampled data,
including redundant neighborhoods, across CPU-GPU or machine
boundaries, which significantly inflates communication costs. For
example, the NVIDIA A100 provides 2 TB/s of GPU memory band-
width, whereas PCle bandwidth remains around 20 GB/s, making
CPU-side sampling the bottleneck. In distributed settings, synchro-
nizing embeddings for billion-edge graphs such as Twitter [28] re-
quires hundreds of GBs of data exchange, incurring multi-second
latencies and reducing GPU utilization to as low as 10% in Dist-
DGL [73]. Another challenge is low resource utilization, since the
sequential dependency enforced by decoupled sampling and training
prevents overlap between the two stages and results in long idle peri-
ods. In DistGER [16], CPU and GPU utilization remain only 15.8%
and 25.5%, respectively, even under heavy workloads. Pipeline and
caching strategies adopted in MariusGNN [55] and Ginex [42] par-
tially mitigate this issue, but their decoupled designs lack runtime
feedback to dynamically adapt sampling to training needs.

To address the above challenges, we present FeLoG, a distributed
system built around a sampling-training Feedback Loop for Graph
embedding. This feedback loop directly targets the root cause of
inefficiencies and serves as the foundation that enables our three tech-
nical contributions. Figure 1(b) summarizes the design objectives
of FeLoG, which correspond to improving execution efficiency, re-
ducing communication overhead, and enhancing resource utilization.
First, FeLoG introduces a Feedback-coupled Sampling-Training
model (FeeST) that tightly integrates sampling with training. Unlike
existing methods that sample blindly or heuristically, FeeST lever-
ages real-time feedback from embedding quality to guide subsequent
sampling. By prioritizing nodes with undertrained embeddings, it
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Figure 2: Sampling and training in graph embedding.

captures more informative context, reduces redundancy, and acceler-
ates convergence. Second, to mitigate communication bottlenecks,
FeLoG incorporates an Activity-aware Communication Mechanism
(ACM). Here, activity refers to dynamic access and update patterns
of nodes during embedding training, e.g., how frequently a node or
its context is sampled and how often its embedding is modified. By
exploiting these patterns, ACM analyzes data flow characteristics
and applies targeted optimizations. Specifically, it uses a Frequency-
aware Bitmap Compression strategy (FaBC) to reduce PCle traffic
between CPU and GPU, and a Hotspot-aware Synchronization strat-
egy (HaSyn) to minimize inter-machine communication by focusing
only on embeddings with high update activity. Last, to overcome re-
source underutilization, FeLoG employs Round-interleaved Pipeline
Parallelism (RiPP), which overlaps sampling in the next round with
training in the current one. This design decouples strict sequential
execution, allowing CPU-based samplers and GPU-based trainers to
operate concurrently across rounds, improving system throughput.

Contributions and roadmap. We present FeLoG, a scalable,
efficient, end-to-end distributed graph-embedding system, which, to
our best knowledge, is the first general-purpose system that integrates
feedback loop coordination to couple sampling and training.

e We propose the feedback-coupled sampling-training model
(FeeST) for adaptive sampling based on embedding quality (§5.1).

o We develop an activity-aware communication mechanism (ACM),
including frequency-aware bitmap compression (FaBC) and hotspot-
aware synchronization (HaSyn), to reduce intra- and inter-machine
communication overheads (§5.2).

e We design the round-interleaved pipeline parallelism (RiPP) to
overlap sampling and training, improving resource utilization (§5.3).

e We demonstrate the generalization of FeLoG, supporting diverse
techniques as well as diverse graph types, including purely structural
graphs and feature-attributed graphs (§5.4 & §6).

e We conduct extensive experiments on seven large, real-world
and synthetic graphs to demonstrate that FeLoG achieves superior
efficiency, scalability, and effectiveness over state-of-the-art, popular
distributed graph embedding frameworks. Moreover, we are the
first to exhibit a Graph-based RAG case study using distributed
graph embeddings, showcasing FeLoG’s integration into a retrieval-
augmented generation pipeline (§6).

2 PRELIMINARIES

Most graph embedding methods use a two-stage pipeline: a sampling
stage that extracts node sequences or subgraphs from the input graph,
followed by a training stage that learns node embeddings from those
samples (Figure 2). The stages run independently, with sampling
driven only by the graph structure or previous samples and receiving
no feedback from the training process.



Sampling process is commonly implemented via truncated walks.
Starting from each node, multiple fixed-length walks are performed
to explore the local graph structure. Walk directions are determined
based on structural heuristics, such as node degree or common neigh-
bors [20]. To ensure coverage, sampling is repeated across the entire
graph. While effective, this process often generates redundant or
low-quality information, especially when applied uniformly across
all nodes regardless of their structural roles [43]. For GNN-based
approaches, the sampling step corresponds to selecting a subset of
neighbors for each node at every layer, thereby constructing a smaller
computation subgraph for subsequent training. This reduces the in-
put size compared to using the full neighborhood, but redundancy
still exists when large neighborhoods are uniformly sampled.

Training process typically uses models inspired by natural lan-
guage processing, such as word2vec [40]. Here, sampled node se-
quences form a corpus, with nodes as words and their co-occurrences
defining context. The Skip-gram model predicts surrounding nodes
(context) given a target node (center), learning embedding vectors
that capture structural and semantic proximity. Formally, it maxi-

mizes the co-occurrence probability within a window w:
\4

DD logp(uuiluy)

Jj=1 —w<isw

1
argénax v (1)
The generated walks are treated as a corpus with vocabulary V, where
uj,; denotes a context node in a window w. Existing methods speed
up training via negative sampling [39]. It adjusts the embeddings
such that the target node is close to its true context nodes in the
vector space, while the negative samples are pushed farther away.
log p(ujlujri) ~ log o(@in(ujsi) - Pour (u;))
X 2
+ Z BEyp~Pn(u) [log o(—=@in(tj+1) - Pour (ux))] @
k=1
Here, o(x) = m is the sigmoid function, and the expectations
are computed by drawing random nodes from a sampling distribution
Pn(u), Yu € V. Typically, the number of negative samples K is much
smaller than |V| (e.g., K € [5,20]). However, since the training
process does not influence how samples are collected, it cannot
correct or avoid redundant or ineffective sampling.

For GNN-based methods, the training stage performs iterative
message passing and aggregation on the sampled subgraphs. Each
node updates its embedding by aggregating the representations of its
sampled neighbors through parameterized functions (e.g., mean pool-
ing, attention), followed by non-linear transformations. Formally,
the I-th layer of a GNN is expressed as:

B = (W - AGG({h™ i u e N(2) U (0}}) @

where hf,l) is the embedding of node v at layer I, N'(v) denotes
the sampled neighbors, AGG(-) is a permutation-invariant function,
WO is a learnable weight matrix, and o(-) is a non-linear activation.

Complexity analysis. For random walk-based approaches, assume
that the number of walks per node is r, walk length L, embedding
dimensions d, window size w, and the number of negative samples
K. The time complexity of sampling procedure is O(r - L - [V]). For
training procedure, the corpus size C =r - L. Let us denote the com-
plexity of the unit operation of predicting and updating one node’s
embedding as o. The Skip-Gram with the negative sampling only
needs K + 1 words to obtain a probability distribution (Eq. 2), thus
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Table 1: Comparison of distributed graph embedding systems.

System RW GNN  Coupling Commun. Pipeline
DistDGL [73] X v X Partial X
PyTorch-BigGraph [30] X X X X X
ByteGNN [72] X v X v X
DistGER [16] v X X Partial Partial
LeapGNN [13] X v X v X
NeutronHeter [9] X v X v Partial
NeutronTP [4] X v X v X
FeLoG (ours) v v v v v

the time complexity of training procedure is O(C-w- (K +1)-0). For
GNN-based methods, let [NV (v)| denote the total number of nodes
accessed for message passing for node v across all [ layers (including
multi-hop neighbors selected by sampling). The sampling complex-
ity is O(|V| - IN'(v)|), and the training complexity from Eq. 3 (i.e.,
one forward pass in GNN) is O(|V| - [N (v)| - d).

3 RELATED WORK

We analyze existing graph embedding systems from both single-
machine and distributed perspectives, with additional discussions of
model-level graph embedding methods provided in full version [1].

Single-Machine Graph Embedding Systems. To overcome effi-
ciency bottlenecks in large-scale graph embedding, prior work has
explored full-GPU execution, CPU-GPU hybrid pipelines, and spe-
cialized hardware support. Full-GPU systems such as GENTI [68],
GAMMA [46], and XGNN [51] maximize on-device throughput,
while CPU-GPU hybrid systems such as BGL [36], MariusGNN [55],
and Seastar [64] coordinate sampling, storage access, and train-
ing across heterogeneous resources. Recent systems further im-
prove single-node efficiency through runtime orchestration, adap-
tive hardware assignment, GPU-direct data loading, and partition-
ing, as represented by NeutronOrch [3], DAHA [33], GIDS [41],
and LPS-GNN [14]. Systems such as Ginex [42], SmartSAGE [29],
AWB-GCN [21], BeaconGNN [60], and OMeGa [18] exploit SSDs,
hardware-conscious scheduling, accelerators, or heterogeneous mem-
ory processing to improve scalability. Despite these advances, they
remain bounded by GPU memory capacity, CPU-GPU imbalance,
and limited generalizability across heterogeneous environments.

Distributed Graph Embedding Systems. To scale graph embed-
dings, distributed systems have been developed to leverage multi-
machine and multi-GPU clusters [47, 74]. MSPipe [49] accelerates
memory-based temporal GNN training on multi-GPUs via staleness-
aware pipeline scheduling. GraNNDis [50] accelerates distributed
GNN training on multi-server clusters by reducing inter-server com-
munication, redundant computation, and sampling-induced ineffi-
ciency. Amazon’s DistDGL [73] extends the Deep Graph Library
[57] with distributed GNN training via mini-batch execution. Sim-
ilarly, PyTorch-BigGraph [30] scales embedding training to large
graphs using graph partitioning and parameter servers. However,
both face communication bottlenecks that limit GPU utilization and
scalability (§6). ByteGNN [72] employs two-level scheduling and
tailored graph partitioning to improve parallelism. DistGER [16]
and DistGER-Pipe [17] adopt information-oriented random walks
to reduce redundant sampling and communication. LeapGNN [13]
proposes a feature-centric distributed GNN training framework to
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Figure 3: Kernel density distribution of node embedding simi-
larity across different sampling-training rounds on Flickr graph.
Each subplot compares the similarity distributions of embed-
dings from round i (red) and round i + 1 (blue). The x-axis
represents cosine similarity, the y-axis represents density.

optimize feature access and communication. However, these sys-
tems largely suffer from decoupled execution and high transfer over-
heads under heterogeneous clusters. NeutronHeter [9] accelerates
GNN training through hierarchical workload mapping and adaptive
communication, while NeutronTP [4] optimizes tensor parallelism
for GNNs by improving communication and memory usage. How-
ever, NeutronTP applies uniform processing across all node fea-
tures and lacks feedback-driven embedding evaluation, leading to
redundant computation and slower convergence compared to FeLoG
(§6). Table 1 compares representative distributed graph embedding
systems across two techniques: random walk-based (RW) and GNN-
based embeddings (GNN), along with three system-level dimensions:
sampling-training coupling (Coupling), communication optimization
(Commun.), and pipeline optimization (Pipeline). Existing systems
typically address only a subset, while FeLoG unifies all embedding
paradigms with comprehensive system-level optimizations.

4 MOTIVATIONS

To motivate our proposed scalable and efficient distributed graph-
embedding system, we first analyze the limitations of the decoupled
sampling-training paradigm and identify system-level bottlenecks
that hinder efficiency and scalability in distributed settings.

4.1 Limitations of the Sampling-Training
Decoupled Paradigm

Despite efforts to improve sampling quality, existing graph embed-
ding methods still operate under the decoupled sampling-training
paradigm, limiting efficiency and scalability on large graphs. For
example, node2vec [23] uses fixed configurations for biased ran-
dom walks (e.g., walk length L = 80, r = 10 random walks per
node), effective for smaller graphs but generating redundant walks
for large-scale graphs. To address this, HuGE [20] introduces an
information-theoretic random walk mechanism that adaptively de-
termines walk configurations. While reducing redundancy, it still
adheres to a sequential, decoupled sampling-training design, re-
sulting in slow training times. For instance, processing a billion-
edge Twitter graph [28] takes over a week on a modern server. The
most recent system, DistGER [16], extends HuGE with incremental
information-centric computation in distributed environments, but
still evaluates the quality of sampled information solely based on
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Figure 4: Analysis of communication overheads.

historical statistics, leading to redundancy in sampling. In our ob-
servation, DistGER spends over 50% of its total execution time
on sampling, with training contributing only 27%, demonstrating
inefficiency in the decoupled execution paradigm.

We examine whether heuristic-driven samplers (e.g., HuGE and
DistGER) can continuously provide informative training signals
without introducing redundant exploration. Using the Flickr graph
[52] and the default configuration of DistGER, the sampler heuristi-
cally determines r by matching the distribution of node occurrences
in sampled walks to the node degree distribution; in our setting, sam-
pling terminates after 12 rounds. After each sampling-training round,
we compute pairwise cosine similarities between node embeddings
and apply kernel density estimation [62] to obtain the similarity dis-
tribution. Figure 3 shows how the distribution evolves across rounds,
for compactness, we plot the first 9 rounds. The distributions stabi-
lize after around the 6th round and change only marginally thereafter,
suggesting that additional sampling rounds yield diminishing rep-
resentational updates for most nodes. This indicates that continued
sampling can become increasingly redundant once embeddings have
largely converged, leading to unnecessary sampling overhead (and
the associated data movement in the sampling-training pipeline).

More broadly, current methods rely on structural heuristics or his-
torical statistics, which are only indirect proxies for representation
quality. Without runtime feedback to distinguish converged from
undertrained nodes, samplers may keep exploring already-converged
regions, wasting computation and limiting scalability. This moti-
vates feedback-coupled designs that use training signals to prioritize
sampling where it still brings measurable gains.

4.2 System-Level Bottlenecks in Distributed Graph
Embedding

To address scalability challenges, existing graph embedding systems
have been extended to distributed settings and CPU-GPU heteroge-
neous architectures. In these systems, sampling is typically executed
on CPUs, while training is offloaded to GPUs. However, such de-
signs still suffer from significant system inefficiencies. To system-
atically analyze these bottlenecks, we implemented DistGER on an
8-machine cluster with a CPU-GPU heterogeneous architecture.

Data Communication Overhead. We conducted experiments on
five real-world datasets and profiled the end-to-end runtime of Dist-
GER, decomposing it into computation (sampling and training) and
communication (both intra- and inter-machine). As shown in Fig-
ure 4(a), communication dominates the total runtime, accounting for
an average of 71%, with its proportion increasing as the dataset size
grows. We further analyzed communication costs using the Flickr
dataset by categorizing the communication into distinct types (Fig-
ure 4(b)). Among them, training synchronization and training data
transfer emerge as major performance bottlenecks.
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During training synchronization, updated embedding gradients
must be synchronized across machines over Ethernet to ensure con-
sistency. The communication volume increases linearly with the
number of machines. For instance, in our 8-machine setup, synchro-
nizing 128-dimensional embeddings on the Twitter graph using 10
Gbps NICs may introduce up to 4.6 seconds of delay per round,
causing communication to dominate the runtime and accounting for
78% of the total execution time. Training data transfer also incurs
considerable cost. Since sampling is decoupled from training, all
sampled data including redundant neighborhoods must be moved
from CPU memory to GPU memory and persisted to storage. This
overhead grows proportionally with the size of training data and is
constrained by PCle and I/O bandwidth.

Decoupled Execution of Sampling and Training. In DistGER,
sampling and training follow the sampling-training decoupled par-
adigm and are separated by a round-level barrier: training cannot
begin until sampling fully completes and materializes the node se-
quences for the current round. Once sampling finishes, the resulting
node sequences are passed to the training stage as input. To ensure
fault tolerance, DistGER checkpoints the sampled data to storage
before launching training, introducing additional I/O overhead. As
a result, sampling and checkpointing phases lie on the critical path;
any imbalance or delay in sampling directly stalls GPU execution,
creating bubbles in the end-to-end pipeline. Figure 5(a) shows that
CPU and GPU are significantly underutilized on the YouTube graph,
with average utilizations of only 15.8% and 25.5%, respectively.
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Figure 6: The workflow of FeLoG.

5 FeLoG

To address the challenges from sampling-training decoupled par-
adigm and system-level bottlenecks, we design FeLoG, a scalable
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and efficient distributed graph embedding system that integrates
feedback loop coordination to couple sampling and training. Figure
6 summarizes the workflow of FeLoG. We discuss our feedback-
coupled sampling-training model (FeeST) in §5.1, and activity-aware
communication mechanism (ACM) in §5.2, including the frequency-
aware bitmap compression strategy (FaBC) and the hotspot-aware
synchronization strategy (HaSyn), while our novel round-interleaved
pipeline (RiPP) is given in §5.3. Finally, we present how FeLoG can
be integrated into existing graph embedding frameworks in §5.4.

5.1 Feedback-coupled Sampling-Training Model

Traditional graph embedding pipelines treat sampling and training
as separate stages, which often leads to redundant sampling and
unnecessary computation on large-scale graphs (§4.1). Existing fixes
[16, 20] decide per-node sampling rounds using structural heuristics
or historical statistics, yet lack training feedback and may still incur
substantial redundancy. To overcome this limitation, we propose
the Feedback-coupled Sampling-Training Model (FeeST), which
integrates real-time training feedback into sampling. The key idea is
to derive a neighborhood-consistency metric from training feedback
as a direct proxy for representation quality, so that only under-trained
nodes remain active for subsequent sampling.

Overview of FeeST. As illustrated in Figure 7, FeeST closes the loop
between sampling and training via an active node set. At round r,
FeeST samples only from active nodes to generate walks or neighbor-
hood subgraphs as training input. After training updates embeddings,
FeeST computes the neighborhood-consistency metric to assess rep-
resentation quality. Nodes that meet the consistency criterion are
removed from the active set, while under-trained nodes remain ac-
tive for the next round. By iteratively shrinking the active set, FeeST
dynamically allocates sampling effort where it is still beneficial,
reducing redundant exploration and speeding up convergence.

Feedback Mechanism. Graph embedding aims to preserve node
attributes and graph structure in a low-dimensional space, such
that nodes that are proximate or structurally related in the original
graph remain similar in the embedding space. We therefore use
embedding similarity with neighbors as a feedback signal to assess
representation quality. Specifically, for a node v;, if its embedding is
sufficiently consistent with those of its neighbors, we treat v; as well-
trained and exclude it from future sampling rounds. We quantify this
neighborhood-consistency as the average cosine similarity between
v; and its neighbors. Let N (v;) represent the neighbor set of node v;,
and p be a predefined similarity parameter. To mitigate the cost of
computing similarities for pair-wise nodes, FeeST adopts a neighbor



subsampling strategy. Instead of evaluating similarities across the
entire neighborhood, we estimate the neighborhood-consistency
score ¥ (v;) using a sampled subset N (v;) € N(v;):

1
NI, 2

€N (v;)

Y(o;) = AT
' ll2i 1125

(C))
This approximation is effective because real-world graphs often ex-
hibit redundant local neighborhoods. In many graphs, nodes with
similar attributes or roles tend to connect, making neighboring nodes
highly correlated [27, 38]; meanwhile, power-law degree distribu-
tions create hubs with many overlapping neighbors [6]. Empirical
studies on GNNs also suggest that aggregating a small subset of
neighbors is often sufficient, while using all neighbors yields dimin-
ishing returns but incurs extra overhead [12, 24].

An alternative is to detect convergence via self-stability, i.e., com-
paring a node’s embedding across consecutive rounds. However, this
requires storing historical embeddings, incurring O(|V|-d) memory
overhead at scale. Moreover, graph embedding aims to preserve
structural and attribute relationships in the original graph, so FeeST
uses neighborhood consistency (Eq. 4) to align the feedback sig-
nal with this objective. Self-stability alone may falsely indicate
convergence when an embedding changes little across rounds but
remains inconsistent with its neighborhood. Training-parameter sig-
nals, such as gradient magnitudes, are also insufficient because they
mainly reflect within-iteration optimization dynamics and minibatch
stochasticity [61, 75], lacking the cross-round structural view needed
to update the sampling frontier, i.e., the active set.

If ¥(v;) < p, the embedding of v; is considered undertrained, and
the node will be included in the active node set for the next round
of sampling Va(rH). Otherwise, it is excluded from further sampling.
The active node set for round r + 1 is formally defined as:

¥(v;) < p} o)

Empirically, we set u to 0.65 by default. FeeST treats active nodes as
a round-level state rather than a static graph property or homophily-
based category: after each training round, a node remains active if
¥(v;) < p, indicating that its representation requires further sam-
pling and training. This avoids redundant computation while preserv-
ing downstream accuracy (§6). While Eq. 4 is most applicable when
local similarity is informative, its scale is more dataset-dependent in
heterophilic graphs, where neighbors need not be semantically simi-
lar. Accordingly, we validation-calibrate p for heterophilic graphs,
optionally using structural homophily metrics [22, 44].

As shown in Figure 5(b), the active frontier on YouTube shrinks
rapidly in the early rounds, showing that FeeST reduces redundant
exploration by avoiding repeated sampling of sufficiently trained
nodes, unlike decoupled paradigms that do not adapt sampling to
representation quality. Importantly, the active frontier is recomputed
every round, allowing nodes to be reactivated when their embed-
dings become inconsistent with their neighborhoods. On Com-Orkut,
6.4% of nodes are reactivated per round on average. Moreover, Fig-
ure 5(c) shows that, despite pruning from the first round, FeeST
maintains gradient variance comparable to w/o-FeeST in the first
few rounds and consistently lower thereafter, suggesting no harmful
optimization instability in practice.

Vi = {or e v

Implementation. Algorithm 1 presents the workflow of FeeST,
which iteratively performs sampling, training, and feedback until the
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Algorithm 1 Feedback-driven Sampling-Training Coupling

Input: Graph G = (V, E), embedding dimension d, parameter y
Output: Node embeddings v

1: Initialize active node set V,; «— V'

2: while V, # 0 do

3: Sampling: For v; € V,, generate samples WULi «— Sample(v;, 0)
Training: Update embeddings Ve Train(Wz,Li, Model)
Feedback: For v; € V,, evaluate embedding quality ¥ (v;)
Form next active set V2" = {v; € V, | ¥(v;) < p}

next
Vo <V}

4
5:
6:
7
8: return V

active node set becomes empty. To ensure generalizability, FeeST
abstracts both sampling and training through model-agnostic inter-
faces. The Sample(v;, 0) — WZ,LI_ function generates either random-
walk sequences (e.g., DeepWalk, node2vec, HuGE) or GNN-based
neighborhood subgraphs with configurable fan-out, where v; is the
source node, 6 denotes configurable parameters such as walk bias
or neighbor budget, and WyL,» is the resulting walk or subgraph. The

Train(WvLi, model) — V function then consumes these samples to
update embeddings using the corresponding model, such as Skip-
Gram with negative sampling for random walks, or message passing
and aggregation for GNNSs. This unified abstraction allows FeeST to
plug feedback into different embedding pipelines (details in §5.4).

Complexity Analysis. The computational complexity can be inter-
preted directly from the following phases: Sampling (line 3). Let V)
denote the active node set in round r, for each active node v; € V,
the Sample function generates a walk or subgraph of average length
L. The cost is O(|V]| - L). Training (line 4). Embeddings are up-
dated on the collected samples. With walk length L, window size w,
and embedding dimension d, the training costis O(|V}|- L - w - d).
Feedback (lines 5-6). For each active node, FeeST computes the
neighborhood-consistency score ¥(v;) using a subsampled neigh-
borhood N (v;) of size ks, costing O(|V]] - ks - d). Since |V}| shrinks
across rounds as sufficiently trained nodes are removed, the total
runtime is O(Zlfzl VI - (L-w-d+ks- d)), which can be substan-
tially smaller than the decoupled baseline that repeatedly samples
and trains over all nodes. The space complexity is dominated by
embeddings O(|V| - d) at the current round, with temporary memory
O(max, [V]|- (L + ky)) for sampled walks and neighbor subsets.

5.2 Activity-aware Communication Mechanism

In large-scale graph embedding systems, efficient communication
is essential to overcome the bottlenecks introduced by both intra-
machine sampling-training transmission and inter-machine embed-
ding synchronization. As observed in § 4.2, communication over-
head, particularly between the CPU and GPU, as well as across
distributed machines, comprises a significant portion of the over-
all execution time (up to 78%), leading to low resource utilization
and scalability issues. To address these challenges, we propose an
activity-aware communication mechanism (ACM), which encom-
passes a frequency-aware bitmap compression strategy (FaBC) to
alleviate PCle bandwidth pressure and a hotspot-aware synchroniza-
tion strategy (HaSyn) to reduce network traffic.
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Figure 8: Data flow in the feedback-coupled sampling-training.

5.2.1 Analysis of Data Flow in FeeST. As shown in Figure 8, the
communication process can be summarized in the following stages:
(1) Graph data loading and distribution: Raw graph data is read
from storage into CPU memory and partitioned across worker nodes
(red arrows). (2) Sampling and path generation: Each worker per-
forms random walks on its local subgraph, and path fragments are
exchanged if walks cross partitions. The generated walk paths are
then aggregated for training (green arrows). (3) CPU-GPU transfer
for training: Aggregated sequences are transmitted from CPU to
GPU memory as training input. This PCle transfer grows with the
volume of samples and often emerges as a major bottleneck (green
arrows). (4) Distributed synchronization: During training, updated
gradients or embeddings are copied from GPU to CPU, aggregated
across machines, and written back to GPUs for parameter updates.
This synchronization dominates communication costs in distributed
environments (blue arrows). (5) Persistence: After convergence, fi-
nal embeddings are transferred back to CPU memory and persisted
to storage (blue arrows). In addition, generated walk paths are pe-
riodically checkpointed for reproducibility and recovery purposes
(green arrows). Among these stages, (3) CPU-GPU transfer and (4)
distributed synchronization are the two dominant bottlenecks during
communication, which motivate the design of FaBC and HaSyn.

5.2.2  Frequency-aware Bitmap Compression Strategy. In graph em-
bedding systems, sampling generates node sequences or subgraphs
as training input. Due to the skewed degree distribution in real-world
graphs, high-degree nodes tend to be revisited more frequently, and
random walks are more likely to repeatedly traverse their local
neighborhoods [19, 32]. Existing strategies (e.g., biased transitions
in node2vec or backtracking in HuGE) exacerbate this issue by fa-
voring repeated exploration of local neighborhoods. As a result, sam-
pled paths or subgraphs contain many duplicate node occurrences
that must be transferred from CPU to GPU for training, imposing
substantial PCle bandwidth overhead. However, existing systems
typically materialize samples as plain arrays of node IDs, which
fails to exploit this repetition. Since redundancy is dominated by a
small set of frequent nodes, encoding their occurrence patterns with
compact bitmap representations [11] is often far more efficient than
repeatedly sending the same identifiers.

We propose Frequency-aware Bitmap Compression (FaBC), which
encodes the positions of high-frequency nodes as compact bitmaps,
replacing repeated node IDs with lightweight transfer markers. Un-
like prior bitmap schemes for static bitvectors or graph adjacencies,
FaBC is workload-driven and co-designed with FeLoG to exploit rep-
etition in sampled walk paths and reduce CPU-GPU traffic. Because
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embedding updates.

finer-grained frequency ranges improve compression at the cost of
bitmap construction and decoding overhead, FaBC uses a small
number of ranges derived from the observed frequency distribution.

To this end, FaBC determines the compression range by profiling
the node-frequency distribution in the first sampling-training round.
After the initial sampling, we compute normalized node frequencies
on the sampled sequences and sort them as p(1) > p(2) > ---. We
define the cumulative frequency of the top-k nodes as Fj, = 2?:1 p(i).
FaBC selects the largest k such that adding the (k+1)-th node still
provides sufficient marginal benefit: p(k+1) > (% + %) +0.1g(k),

where L is the average walk length and g(k) = 1 — F + % + 3—"2 is
the compression ratio (derivation in full version [1]). The selected
top-k nodes are used as compression targets, and their occurrences
are encoded with bitmaps in subsequent samples. In practice, the
frequency profile is largely stable under fixed sampling parameters,
so the configuration can be reused without repeated analysis.

Example. Figure 9(a) illustrates the node frequency curve of
walks generated by FeeST on the YouTube graph. The top-1 and
top-2 nodes together contribute over 50% of the total frequency.
Including the third most frequent node increases the cumulative
frequency by less than 10%, and adding the fourth brings only
marginal improvement. Hence, according to the above criterion,
FaBC selects the top-1 and top-2 nodes as compression targets. This
demonstrates how the adaptive rule captures dominant redundancy
without extra bitmaps. The impact of different frequency ranges on
compression ratio is further evaluated in full version [1].

As illustrated in Figure 10, FaBC achieves notable compression.
In a set of N random walks with average length L, storing nodes as 4-
byte unsigned integers results in a raw size of 4NL bytes. After com-
pression, the positions of the top-k frequent nodes are stored using k
bitmaps of length N, while the remaining nodes are stored as an ID
stream. Let L, denote the average length of the remaining sequence.
From Figure 9(a), when the top-2 nodes cover approximately 60%
of the walk content, we have L_C ~ 0.4L. Therefore, the compressed

data size is approximately % +4NL, ~ 0.25NL + 1.6NL bytes,
which significantly reduces the training data size while incurring
minimal computational overhead (details in Figure 19(c)).

5.2.3 Hotspot-aware Synchronization Strategy. Synchronization of
embedding vectors is a critical factor influencing both accuracy and
system performance in distributed training. Existing methods such
as parameter-server based designs (e.g., NuPS [47]) and optimized
communication topologies (e.g., TidalMesh [35]) improve efficiency,
but they typically treat all embeddings equally, ignoring the skewed
update activity across nodes. In real-world graphs, the sampling
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Figure 10: Frequency-aware compression process.

workload is highly skewed, and a small set of high-frequency nodes
appears far more often in sampled sequences, leading to dispropor-
tionately more embedding updates [26]. As shown in Figure 9(b),
more than 80% of updates on the Wiki-Vote graph [31] are concen-
trated on a small set of high-frequency nodes, while the majority of
embeddings are rarely updated. This makes uniform full-model syn-
chronization inefficient, as most bandwidth is wasted transmitting
nearly static vectors, motivating hotness-aware selective synchro-
nization that prioritizes frequently updated embeddings.

To address this issue, we propose the Hotspot-aware Synchroniza-
tion Strategy (HaSyn), which dynamically adjusts the synchroniza-
tion frequency of embedding vectors based on their update hotness.
As illustrated in Figure 11, during the initialization phase, the em-
bedding matrix is constructed by sorting nodes in descending order
of their frequencies observed in the training data, where the fre-
quency statistics are collected asynchronously during sampling by
a background thread. During synchronization, we partition V into
hotspot blocks By = {v | f(v) = f} indexed by distinct frequency
values f € ¥, yielding |¥| blocks in total, and randomly select
one node from each block By to form a synchronization set of size
|7 |. Due to the skewed frequency distribution, a node in block By
is selected with probability 1/|By|, making hot embeddings (typi-
cally in smaller blocks) more likely to be synchronized, while cold
embeddings are synchronized less frequently. Thus, HaSyn avoids
repeated global graph analysis or full re-ranking in each synchroniza-
tion period, and maintaining the synchronization set only requires
lightweight block-level lookup/update operations. Compared to full-
model synchronization, the communication cost of HaSyn is reduced
to O(|F| - d - M), where d is the embedding dimension and M is the
number of machines, with |#| <« |V| in practice (details in §6.6).

Furthermore, under FeeST (§5.1), the active frontier shrinks across
rounds, so update activity concentrates on a progressively smaller
subset of embeddings and shifts over time. HaSyn therefore priori-
tizes embeddings with high update frequency and adapts to cross-
round workload shifts, reducing inter-machine synchronization vol-
ume while avoiding indefinite staleness through periodic synchro-
nization of cold embeddings. As a lightweight hotspot-based strat-
egy, HaSyn is most effective when update activity is skewed; under
nearly uniform updates or stricter consistency requirements, more
sophisticated graph partitioning and adaptive synchronization tech-
niques can be complementary to FeLoG. We analyze the resulting
quality-efficiency trade-off of selective synchronization in §6.6.

5.3 Round-interleaved Pipeline Parallelism

Despite the efficiency gains from FeeST and ACM, FeLoG retains
round-synchronous and sampling-training decoupled execution, where
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training waits for current-round sampling to complete, limiting CPU-
GPU overlap and keeping average utilization below 26% (§4.2).

Execution Analysis of FeLoG Components. Figure 12(a) illustrates
the round-synchronous, sampling-training decoupled execution of
FeLoG, where training begins only after sampling and the inter-
mediate corpus management phase complete. Corpus management
comprises CPU-side FaBC compression, checkpointing sampled
walks to persistent storage for fault tolerance, and GPU-side decom-
pression before training. FaBC encodes high-frequency nodes using
compact bitmaps to reduce CPU-GPU PCle traffic; the compressed
walks are then serialized, checkpointed, transferred to the GPU, and
reconstructed for training. After training, updated embeddings are
synchronized across machines by HaSyn. These round-level barriers
and corpus-materialization steps serialize the execution stages, creat-
ing CPU/GPU idle periods and reducing overall resource utilization.

Pipeline Execution Design. To overcome the limitations of de-
coupled execution, FeLoG introduces a round-interleaved pipeline
parallelism (RiPP) to fully exploit the parallelism of heterogeneous
systems and reduce idle time. The core idea of RiPP is to analyze the
data dependencies across the sampling and training phases, decou-
ple their operators into fine-grained execution units, and schedule
them in an interleaved, round-wise pipeline to maximize concur-
rency. As illustrated in Figure 12(b), each sampling-training round
in FeLoG is decomposed into six operators: random walk generation
(R), data compression (C), checkpointing (P), data decompression
(D), model training (T), and synchronization (S). For instance, R;
denotes the random walk generation operator in round i, and T; cor-
responds to the associated training operator that consumes the walk
corpus. Unlike DistGER-Pipe [17], which overlaps sampling and
training in a decoupled CPU-only pipeline driven by pre-defined
graph-structural signals, RiPP targets feedback-coupled CPU-GPU
execution in FeLoG. Specifically, the sampling frontier of round i + 1
depends on the embedding-quality feedback produced after training
round i, so R;4; must preserve this one-round feedback dependency
rather than being launched independently of T;. This feedback depen-
dency also differentiates RiPP from general GNN pipeline schedulers
such as NeutronOrch [3], DAHA [33], and LeapGNN [13], which
mainly optimize execution scheduling without modeling FeeST’s
round-level embedding-quality feedback.

To maximize concurrency under this feedback dependency, RiPP
adopts a three-group operator scheduling strategy. It groups and
dispatches: @ CPU-side random walk generation (R), ® CPU-side
data compression (C) and checkpointing (P), and ® GPU-side data
decompression (D), model training (T), and synchronization (S)
into three asynchronous operator pipelines, each mapped to the most
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Figure 12: Execution flow comparison in FeLoG.

appropriate hardware resources. These operators form a hybrid paral-
lelism scheme: intra-round serial execution for dependent operators
on the same data chunk, and inter-round parallel execution across
different threads and devices whenever their dependencies are satis-
fied. For example, once walk chunks of round i are generated on the
CPU, C; and P; proceed on CPU-side threads, while ready chunks
from adjacent rounds are decompressed, trained, and synchronized
on the GPU. Under RiPP, active-frontier construction is separated
from random-walk generation. After T;_;, each machine computes
¥(v) for its local candidate nodes using the locally visible embed-
ding snapshot, which contains local training updates and previously
synchronized remote embeddings. Each machine then materializes
its local portion of Va(i), allowing R; to start without waiting for the
current synchronization S;_; to complete. This use of locally visible
or slightly stale embeddings follows common distributed graph learn-
ing practice [5, 56, 73]. Once Va(i) is fixed, R; no longer computes
¥ (v) or accesses embeddings, but only performs graph-structure-
based walk generation from active nodes. Thus, R; can overlap with
Si—1, which asynchronously propagates previous-round embedding
updates for subsequent training and later active-frontier construction.
This design keeps CPU and GPU resources continuously utilized
while preserving the feedback dependency required by FeeST.

5.4 Integration of FeLoG with Existing Systems

FeLoG can be integrated as a lightweight runtime optimization layer
into both random-walk based embedding systems and GNN train-
ing frameworks without modifying model architectures. It exposes
two unified hooks, Sample and Train, to decouple model-specific
sampling/training logic from FeLoG’s feedback loop and scheduling.

Sampling is abstracted as Sample(v;, §) — Wle_, where v; is the
source node, 6 captures method-specific sampling parameters, and
WvLi is a walk sequence for random-walk systems or a sampled
neighborhood subgraph for GNN systems. Training is abstracted as
Train(W,., model, feedback=True) — V, which consumes W, and

updates the embedding matrix V under the chosen model. Under this
abstraction, FeeST uses training feedback to update the active frontier
and prune converged nodes, FaBC compresses sampling outputs to
reduce CPU-GPU transfer, and HaSyn prioritizes frequently updated
embeddings for synchronization to reduce inter-machine communi-
cation. FeLoG augments existing CPU-GPU and distributed graph
learning frameworks as a modular runtime layer, with end-to-end
gains on random-walk systems such as DistGER and extensibility
to GNN-based frameworks such as DistDGL and NeutronTP (§6).
Additional integration details are provided in the full version [1].

2811

Table 2: Dataset statistics (K=10°, M=10°, B=10°) and Avg. mem-
ory footprint (GB) per machine. “X” indicates failure due to out
of memory or > 1 day runtime.

Dataset statistics

Graph Avg. memory footprint per machine (GB, CPU/GPU)

#Nodes #Edges PBG DistDGL DistGER DistGER-G NeutronTP LeapGNN  FeLoG

FL 80.51 K 590M 8.9/~ 54/1.4 09/~ 05/09 8.6/12 6.8/12 05/0.5
Yr 1.14M 299M 9.7/- 55/1.5 43/~ 23/53 9.0/1.6 17.0/3.4 1.9/0.6
L] 224M 14.61M10.3/- 5.8/1.7 5.5/- 2.6/6.6 9.3/22 30.7/7.7 2.1/0.9
OR 3.07M117.19 M 11.4/- 6.3/2.1 69/- 6.0/8.0 9.7/2.6 39.4/20.1 6.1/1.8
™ 41.65M 147B31.7/- X 67.2/- X 19.6/19.4 X 59.7/7.2
OGB 111.06M 1.62B X X 72.3/- X 30.7/31.2 X 71.5/9.4
UK 105.15M 372B X X 1258/- X X X 107.3/9.0

6 EXPERIMENTAL RESULTS

We evaluate the efficiency (§6.2) and scalability (§6.3) of FeLoG by
comparing with six state-of-the-art baselines. We also compare the
effectiveness (§6.4) of generated embeddings on three representative
tasks. Finally, we analyze the generalizability of FeLoG for the GNN-
based embeddings (§6.5) and efficiency due to individual parts of
FeLoG (§6.6). Our codes and datasets are available at [2].

6.1 Experimental Setup

Environment. We conduct experiments on a cluster of 8 machines,
each equipped with a 2.60GHz Intel® Xeon® Gold 6240 CPU (36
cores with 72 threads), a 32GB NVIDIA V100 GPU, 192GB DDR4
memory, and interconnected via full-duplex 10 Gbps networking.
The machines run Ubuntu 20.04, with GCC 9.4.0 used for compiling
DistGER, DistGER-G, and FeLoG, and Python 3.10 with torch 1.11.0
used as the backend deep learning framework for PyTorch-BigGraph,
DistDGL, LeapGNN, NeutronTP, and GraNNDis. The multi-GPU
comparison with GraNNDis is conducted on a server equipped with
four NVIDIA A40 GPUs.

Datasets. We employ seven widely-used, real-world graphs (Ta-
ble 2): Flickr (FL) [52], YouTube (YT) [52], LiveJournal (L) [69],
Com-Orkut (OR) [65], Twitter (TW) [28], U.K.-2007 (UK) [7] and
OGB-papers100M (OGB) [25]. The FL and YT datasets are labeled,
with FL having 195 labels for user-content interactions and Y7 47
labels for video engagement. The OGB dataset has 128-dimensional
node features, representing citation networks of scientific papers.
For heterophilic settings, we use two labeled benchmarks, Amazon-
ratings (AR: |V| = 24.49K, |E| = 93.05K, 5 classes) and Roman-
empire (RE: |V| = 22.66K, |E| = 32.93K, 18 classes) [45], to evaluate
the sensitivity of FeeST to y via downstream node classification. We
also use synthetic graphs [10] (up to 1 billion nodes, 10 billion edges)
to assess the scalability of FeLoG. Considering the default settings of
popular graph embedding methods, we use their undirected versions.

Baselines. We select six state-of-the-art distributed graph embed-
ding frameworks: the multi-relation embedding system PyTorch-
BIgG raph (PBG) developed by Facebook https://github.com/facebookresearch/
PyTorch-BigGraph [30]; the GNN-based system DistDGL from Amazon
https://github.com/dmic/dgl [73]; the recent GNN-based framework Neu-
tronTP hups://github.com/iDC-NEUNeutronTP [4] and LeapGNN hups://github.com/
ISCS-ZJU/LeapGNN-AE [13]; and the random walk-based system DistGER
https:/github.com/RocmFang/DistGER [ 16]. In addition, we include DistGER-
Pipe [17], a CPU-only pipeline-optimized extension of DistGER, and
further implement its hybrid CPU-GPU variant, DistGER-G, which
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Figure 13: Efficiency of PBG [30], DistDGL [73], DistGER [16],
DistGER-G [17], NeutronTP [4], LeapGNN [13] and FeLoG (ours).

performs sampling on CPUs and offloads training to GPUs. We
additionally compare with GraNNDis hups://github.con/AIS-SNU/GraNNDis_
arifact [50], a recent multi-GPU GNN training framework. We do not
compare against single-machine execution planners such as Neu-
tronOrch [3], DAHA [33], and GIDS [41], as they target intra-node
scheduling and are not designed for FeLoG’s multi-machine setting.
Empirically, in our setup on OR, SSD-based GIDS takes 3095 s while
FeLoG completes in 61.8 s, and the in-memory NeutronOrch/DAHA
run out of memory on the billion-scale UK graph.

Parameters. Unless otherwise stated, FeLoG uses random-walk-
based graph embedding, while its generality to GNN is evaluated
in §6.5. We set y=0.65 for FeeST and compress the two most fre-
quent nodes in FaBC; all baselines use their default settings. For
fair system comparison, we use embedding dimension d=128 that is
commonly adopted [43, 53, 70], and report the average end-to-end
epoch time. For task effectiveness, we select the best results via grid
search over learning rates in [0.001, 0.1], training epochs in [1, 30],
embedding dimensions in {32, 64, 128, 256, 512}, and, for neighbor-
sampling based GNN settings, sampling hyperparameters including
the number of layers € {2, 3,4} and per-layer fanout € {5, 10, 15, 25}.

6.2 Efficiency and Memory Requirement

We report the end-to-end running times of PBG, DistDGL, DistGER,
DistGER-G, NeutronTP, LeapGNN, and FeLoG on seven real-world
graphs with the cluster of 8 machines in Figure 13. The reported
average epoch end-to-end time includes sampling, training, and com-
munication overheads. FeLoG significantly outperforms the com-
petitors on all these graphs, achieving an average acceleration of
27.9x. PBG leverages a parameter server to synchronize embeddings
between clients, resulting in more load on the communication net-
work. As a result, PBG is on average 68.4x slower than FelLoG.
As a system of the same type, FeLoG outperforms the CPU-based
DistGER and the CPU-GPU hybrid DistGER-G by 3.9x and 5.3x on
average, respectively. DistGER uses information-theoretic walks to
adapt sampling, but without training feedback it applies a uniform
configuration to all nodes, causing coarse-grained control and re-
dundancy. DistGER-G, though accelerating training via GPU, incurs
heavy CPU-GPU data transfer overhead, which reduces GPU utiliza-
tion and degrades overall performance. Notice that DistGER-G fails
on larger datasets such as TW, OGB, and UK due to its redundant
corpus generation during sampling and suboptimal system support
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Figure 14: Scalability analysis of FeLoG.

for training, which lead to memory consumption exceeding available
capacity. For GNN-based system DistDGL, due to the long running
time of graph sampling (e.g., taking 80% of the overhead), it is
much less efficient than other systems. Similarly to DistGER-G, it
cannot run on billion-edge graphs, as it fails to terminate within
one day. Two recent GNN systems, NeutronTP and LeapGNN, op-
timize communication and feature operations. However, their lack
of real-time embedding quality awareness and uniform treatment
of node features across iterations lead to redundant computation
and hinder convergence speed. Hence, they are on average 7.9x and
15.8% slower than FeLoG, and cannot run on the largest dataset UK
due to out-of-memory issues.

Considering the resource consumption that affects scalability,
Table 2 reports the average per-machine memory footprint of FeLoG
and baseline systems on each graph. FeLoG consistently has the
lowest or near-lowest memory usage across both CPU and GPU
components, with particularly low usage on GPU. For the billion-
scale graphs like UK, FeLoG is one of the few systems able to run
without exceeding memory limits, highlighting its efficiency and
scalability in distributed settings.

6.3 Scalability

Figure 14(a) shows end-to-end running times of all competing sys-
tems on the LiveJournal graph, as we increase # machines from 1
to 8 to evaluate scalability. FeLoG achieves better scalability than
the other six distributed systems. Due to space limitations, we omit
results on other graph datasets, which either exhibit similar trends or
are too large for the competing systems to scale. PBG leverages a
parameter server and a shared network filesystem to synchronize the
parameters in the distributed model. When the number of machines
increases, PBG puts more load on the communications network, re-
sulting in poor scalability. DistDGL suffers from limited scalability
due to its full-graph parameter synchronization and frequent gradient
communication across machines. The CPU-based DistGER exhibits
better scalability than the CPU-GPU hybrid DistGER-G, as the latter
suffers from substantial CPU-GPU data transfer overhead and a se-
quential execution pattern that undermines the performance benefits
of GPU acceleration. NeutronTP’s end-to-end running time remains
nearly stable as the number of machines increases, indicating limited
scalability. This is mainly due to its uniform processing of all node
features, leading to redundant computation and underutilization of
distributed resources. LeapGNN scales poorly due to frequent step-
wise global synchronization that amplifies stragglers and idle GPUs
as machines increase. In contrast, FeLoG reduces computation and
communication costs via feedback-coupled sampling—training and
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Table 3: AUC of FeLoG and competitors for link prediction.

Method YouTube LiveJournal Com-Orkut Twitter
PBG 0.753 0.882 0.955 0.912
DistDGL 0.894 0.718 0.815 running time > 1 day
DistGER 0.966 0.976 0.921 0.919
FeLoG 0.949 0.979 0.965 0.942

Table 4: RAG retrieval performance of FeLoG and NeutronTP on
Flickr and YouTube datasets (K=20, 2-hop retrieval).

. Flickr YouTube
Metric
NeutronTP FeLoG NeutronTP FeLoG
Hit@K 0.817 0.955 (+16.9%) 0.790 0.860 (+8.9%)
nDCG@K 0.202 0.499 (+147.0%) 0.267 0.677 (+153.6%)
MRR@K 0.343 0.714 (+108.2%) 0.430 0.924 (+114.9%)

activity-aware communication, and maximizes CPU-GPU utilization
with a round-interleaved pipeline, leading to better scalability.

To further assess the scalability of FeLoG, we generate synthetic
graphs [10] with a fixed node degree of 10 and the number of nodes
from 103 to 10°. Figure 14(b) presents the running times on these
synthetic graphs using a cluster of 8§ machines, suggesting that the
running time increases linearly with the size of a graph, and FeLoG
has the capability to handle even billion-node graphs. Moreover, the
running times for seven real-world graphs (including the billion-
scale graphs, for which the competing systems do not terminate in
1 day or crash due to memory limitation) are inserted into the plot,
which is consistent with the trend on synthetic data.

6.4 Effectiveness

We evaluate the embedding quality on link prediction, multi-label
node classification, and graph-based RAG, covering classic graph
objectives and LLM-centric retrieval backbones. Due to space con-
straints, detailed task protocols, implementation settings and addi-
tional time-accuracy results are provided in the full version [1]. For
link prediction, Table 3 shows that FeLoG outperforms all competi-
tors on most graphs. On average, FeLoG achieves a 9.8% higher AUC
[67] than the other systems. For multi-label node classification, Fig-
ure 15 shows that FeLoG achieves the best Macro-F1 and Micro-F1
scores [66] among existing frameworks, with average improvements
of 9.8% and 2.8%, respectively. Figures 16(a) and (b) further show
the time-accuracy trade-offs on link prediction over LJ and node clas-
sification over Y7, respectively. FeLoG reaches the same or higher
accuracy in less time on both tasks, confirming its effectiveness be-
yond similarity-based link inference. For graph-based RAG, Table 4
shows that FeLoG consistently outperforms NeutronTP, improving
nDCG@20, Hit@20, and MRR@20 by 150.3%, 12.9%, and 111.6%
on average, respectively. Overall, FeLoG remains effective across
standard graph learning and LLM-centric retrieval tasks.

6.5 Generalizability of FeLoG

A key feature of FeLoG is its general API design, which supports
seamless integration with both random walk-based and GNN-based
systems (§5.1). To validate this generalizability, we extend two
representative distributed GNN systems, NeutronTP and DistDGL,
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by incorporating the feedback-coupled sampling-training model
(FeeST) via the unified API, resulting in NeutronTP+FeeST and
DistDGL+FeeST. As shown in Figure 17(a), FeLoG consistently
reduces normalization runtime across datasets. For NeutronTP, it
achieves speedups between 1.33x and 1.69%, with an average of
1.50%. For DistDGL, the speedups range from 1.23X to 1.67X%, aver-
aging 1.45X. These results demonstrate that the proposed feedback
loop mechanism generalizes beyond random walk-based solutions
and can be effectively applied to GNN-based pipelines, yielding
significant efficiency gains without altering their underlying training
logic. We further compare FeLoG with GraNNDis [50], a recent
multi-GPU GNN training framework, on a server with four NVIDIA
A40 GPUs. As shown in Figure 17(b), FeLoG achieves an average
3.45x speedup over GraNNDis across datasets, further confirming
its ability to support and accelerate multi-GPU training.

6.6 Performance due to Individual Parts of FeLoG

Feedback-driven Sampling-Training Efficiency. To evaluate the
effectiveness of FeLoG’s design (§5), we first examine the impact of
the feedback-driven sampling-training coupling mechanism (FeeST,
§5.1). We compare the execution time of FeLoG with and without
FeeST (denoted as w-FeeST and w/o-FeeST) across all graphs. In
w/o-FeeST, the number of sampling iterations is determined using
the same strategy as DistGER, while all other settings remain con-
sistent. As shown in Figure 17(c), w-FeeST achieves significant
acceleration, ranging from 1.6x to 5.5x. This improvement comes
from the dynamic feedback loop between sampling and training,
where sampling is adaptively guided by real-time embedding quality
indicators, effectively reducing redundant sampling and unnecessary
computation. For heterophilic settings, we further evaluate FeeST
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Figure 18: Impact of ACM on communication performance.

on Amazon-ratings (AR) and Roman-empire (RE). Under a standard
(50%/25%/25%) train/validation/test split, we select y from a small
candidate set based on the validation quality-efficiency trade-off and
reserve the test set for final reporting. As shown in Figure 16 (c) and
(d), FeeST provides a meaningful quality-efficiency trade-oft under
varying p: AR is broadly stable, while RE favors a lower threshold.
Runtime increases with y, and p = 1 corresponds to the w/o-FeeST
setting. The calibration incurs only 1.85s and 1.68s per candidate on
AR and RE, respectively; additional sensitivity analysis of FeeST to
4 is provided in our full version [1].

Communication Efficiency. We next evaluate the impact of the
activity-aware communication mechanism (ACM, §5.2) on FeLoG’s
communication performance in distributed settings. Specifically, we
compare the end-to-end runtime of FeLoG with and without ACM,
denoted as w-ACM and w/o-ACM, respectively. As shown in Fig-
ure 18(a), enabling ACM yields an average speedup of 6.19x across
all datasets. This substantial gain comes from two complementary
strategies in ACM: FaBC (§5.2.2) alleviates PCle bottlenecks within
each machine, while HaSyn (§5.2.3) reduces network traffic across
machines. To better understand the contributions of these two com-
ponents, we further break down their individual impact. Figure 18(b)
shows the size of training data transferred between CPU and GPU,
before and after applying FaBC, denoted as Original Data Size and
w-FaBC, respectively. On average, FaBC reduces intra-machine data
transfer volume by 53.1%, demonstrating its effectiveness in reliev-
ing PCle overhead. Finally, Figure 18(c) compares HaSyn against
the conventional full synchronization method AllSync adopted by
systems like DistDGL and PBG. The results show that HaSyn re-
duces communication cost by over 90% during each synchronization
period. We compare HaSyn with AllSync and RandomSync on LJ.
Compared with AllSync, HaSyn reduces runtime from 509.39s to
111.26s, achieving a 4.58% speedup with only a slight AUC drop.
It also achieves higher AUC than RandomSync under the same
synchronization size, indicating that update hotness is effective for
selecting embeddings to synchronize. We assess how frequency
range affects the compression ratio in our full version [1].

Computing Resources Utilization. To improve computational effi-
ciency, FeLoG introduces a round-interleaved pipeline mechanism
(RiPP, §5.3) by decoupling the sampling and training operators. To
evaluate its effectiveness, we measure CPU and GPU utilization over
time on the LJ dataset under both decoupled and pipelined execu-
tion. As shown in Figure 19(a), under decoupled execution, CPU
utilization drops significantly after the initial sampling phase, leav-
ing resources idle. Similarly, GPU utilization remains low, as each
training round must wait for sampling to complete. In contrast, RiPP
enables concurrent execution between rounds; the sampling stage
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Figure 19: Resource utilization and runtime breakdown analysis.

overlaps with the training stage through different threads and devices.
This design leads to much higher resource utilization: Figure 19(b)
shows average CPU and GPU utilizations of 82.2% and 79.2%, re-
spectively. Overall, RiPP effectively boosts system throughput and
scalability by maximizing hardware utilization.

Breakdown Analysis. We further provide a fine-grained runtime
breakdown of FeLoG. As shown in Figure 19(c), we separate the ex-
ecution into sampling (FeeST-S), training (FeeST-T), active-set com-
putation (FeeST-A), compression (FaBC-C), decompression (FaBC-
D), embedding synchronization (HaSyn-S), and synchronization-
set selection (HaSyn-C) across different graphs. The normalized
breakdown shows that sampling and training remain the dominant
components. In contrast, FeeST-A, FaBC, and HaSyn introduce only
limited runtime overhead, accounting for 4.0%, 4.7%, and 2.4% on
average, respectively. In addition, the dominant extra memory of
HaSyn comes from the synchronization-set buffer, whose size is
|F| % d x 4 bytes for d-dimensional float embeddings. For example,
on LJ, |F| = 1316, so it requires only 0.64 MB of memory.

7 CONCLUSIONS

We presented FeLoG, a scalable and efficient distributed graph em-
bedding system that addresses redundant sampling, excessive com-
munication, and low resource utilization caused by the decoupling
between sampling and training. FeLoG introduces three innova-
tions: (1) a feedback-coupled sampling-training model that adapts
sampling based on real-time embedding quality, (2) an activity-
aware communication mechanism that reduces both intra- and inter-
machine communication, and (3) a round-interleaved pipeline that
overlaps sampling and training to improve CPU-GPU utilization.
Experiments on billion-scale graphs show that FeLoG achieves an
average speedup of 27.9x, reduces communication cost by over
53.1%, and sustains over 80% CPU-GPU utilization, while gener-
alizing to different graph embedding and GNN-based frameworks.
Future work includes incorporating topology-aware optimization for
intra-node GPU interconnects and exploring GPU-directed remote
data access to further reduce CPU-mediated transfers.
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