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ABSTRACT
It has become critical to utilize language models (LMs) for repre-
sentation learning on text-attributed graphs. They enhance the
original graph neural networks (GNNs) by delicately modeling text
attributes alongside graph structure learning. Despite these algo-
rithmic breakthroughs, existing LM-based graph learning still fails
in practical deployment due to several critical defects, namely time
and resource inefficiency, inflexible decoupled architectures, limited
model scale, and the omission of graph properties.

In this paper, we propose UniTG, the first unified system that
fuses the LM and GNN phases into a single end-to-end procedure
through three co-designed components spanning the runtime, algo-
rithm, and execution levels. At the runtime level, UniTG introduces
Affinity-aware Flow Parallelism, exploiting graph affinity to scale
the training of large graph neural networks. At the algorithm level,
a novel Collaborative Learning strategy integrates both text and
graph modalities to enable accurate joint training. At the execution
level, the Streamlined Pipeline Schedule squeezes pipeline bubbles
by interleaving LM fine-tuning into the GNN pipeline, boosting
overall efficiency and resource utilization. Extensive experiments
demonstrate that, compared with state-of-the-art LM-based graph
learning systems, UniTG dramatically reduces learning makespan
by up to 17.3× without compromising model quality.
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1 INTRODUCTION
Graph-structured data has long been prevalent in many real-world
scenarios. Among them, a lot of graphs possess textual information,
and are often referred to as text-attributed graphs (TAGs) [71]. In
TAGs, each node is associated with text descriptions such as doc-
uments or sentences, and edges represent relationships between
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Figure 1: The makespan and learning accuracy comparisons
on ogbn-products [31]. Datapoint size is proportional to the
average GPU utilization rate. LM backbone is DeBERTa [26]
and GNN backbone is RevGCN [39].

these descriptions. For instance, in the ogbn-arxiv dataset [31], a
citation network is structured as a TAG, with each node represent-
ing a paper and its title and abstract serving as its text attributes.
Compared with shallow numerical node attributes, graph topology
embedded with textual attributes provides more profound infor-
mation, significantly enhancing graph representation learning in
many tasks such as text classification [11, 75], node/link classifica-
tion [28, 84], and recommender systems [88].

Graph Neural Networks (GNNs) exhibit impressive performance
on many graph learning tasks [12, 22, 42, 63, 66, 79] and have be-
come a standard methodology in this field [12, 22]. However, in
most works, GNNs learn graphs only with numerical attributes as
inputs, or handle text attributes by transforming them into shallow
or hand-crafted features, such as skip-gram [50] or bag-of-words
[25] features. These shallow embeddings are limited in the text se-
mantics they can capture, and fail to incorporate graph properties.
To overcome this deficiency, recently, language models (LMs) are
raised as a promising method for encoding textual attributes. A new
branch of LM-based approaches called LM4Graph are emerging,
which consists of two phases. The first phase leverages pre-trained
LMs, such as BERT [13], to generate deeper embeddings that specif-
ically capture the semantic richness of text attributes. In the second
phase, GNNs learn structure relationships between nodes on the
generated attributes. Due to the great modeling capability on both
texts and graph structures, LM4Graph has garnered surging inter-
est in recent years and a large number of approaches have been
proposed [11, 15, 28, 32, 84, 88].

As shown in Figure 1, LM4Graph methods like TAPE [28] and
GLEM [84] outperform traditional message-passing GNNs (e.g.,
GCN [36]) onmany TAG-related tasks. However, despite the promis-
ing accuracy achieved by LM4Graph methods, existing systems fun-
damentally suffer from a fragmented design that decouples language
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modeling and graph learning, overlooks graph-specific characteris-
tics, and lacks system-level co-optimization. Current approaches
exhibit four key issues:
I1: Laborious and inflexible designs. Current LM4Graph de-

signs heavily rely on human labor and expertise knowledge
to determine the proper organizations between LM and GNN
phases [71, 72, 84, 88] and suitable feature encoding strategies
[15, 28, 57, 65], resulting in high integration cost on new TAG
tasks. Moreover, many works [84] require frequent checkpoint-
reloading and program cold-start for switching phases. These
burdensome hand-crafted features are neither flexible for prac-
tical deployment nor portable for model generality.

I2: Agnostic to graph properties. To accelerate learning, some
solutions [11, 28, 76, 84] simply graft existing parallelism strate-
gies, such as data parallelism to the LM phase, without consider-
ing graph properties and overall scalability. This graph-agnostic
way remains the computation burden, missing optimization
opportunities. Others like [15] reduce the computation cost
of text encoding via efficient fine-tuning in natural language
processing (NLP) era, e.g., LORA [30]. However, simply adopt-
ing them without considering the inherent graph structure can
result in subpar model performance.

I3: Decoupled training paradigm.Current LM4Graph paradigms
[11, 15, 28, 32, 57, 84, 88] separately perform LM-based embed-
ding generation and GNN training, with only one phase active
at a time. For example, in each step, GLEM [84] first fine-tunes
the LM to obtain the encoded features with the GNN phase
fixed, and then feeds them into the GNN model. As such, as
shown in Figure 1, one needs to go through two distinct train-
ing processes sequentially, leading to substantial cumulative
learning time (104min and 126min), compared with GNN-only
(28min) and LM-only (11min). Moreover, in this one-at-a-time
paradigm, the imbalanced workloads across two phases lead to
suboptimal hardware utilization. For instance, the LM phase
may require 8 GPUs, most of which will be idle during the
GNN phase which only needs 2 GPUs, resulting in low GPU
utilization in clusters (green and red datapoints).

I4: Lack of system optimizations. GNNs rely on massive sparse
operations (e.g., sparse matrix-matrix multiplication, SpMM)
with highly irregular memory accesses, challenging the opti-
mization of the system throughput. Moreover, with large GNN
models, the memory consumption grows rapidly, necessitating
a scalable system design and memory optimization. Although
there have been plentiful system breakthroughs for deep neural
networks in scalable training [23, 33, 34, 51, 85], those optimiza-
tions cannot be directly grafted on LM4Graph approaches due
to the inconsistent graph learning pipelines.

The aforementioned issues result in performance downsides. Due
to versatile self-defined learning procedures, current approaches
[11, 15, 28, 32, 57, 84] meet the scalability difficulty when learning
efficiency is required. For instance, some works [11, 15, 28] adopt
data parallelism for LM phase while keeping GNN phase original
on a single GPU, making it arduous to scale both at the same time.
They also design specific text encoding mechanisms exclusive to
themselves. This greatly limits the GNN models and TAG tasks
one can apply to very small scale [15, 84, 88], conflicting with the
versatile graph representation application scenarios.

To bridge these gaps, we design UniTG, the first efficient system
for textual graph learning that unifies the two phases into a single
end-to-end process, eliminating the need for unnecessary phase
switching. Our system abides by four design goals: efficient, seam-
less, accurate and portable. Existing LM4Graph works neither
facilitate efficiency by well-designed parallelism from the system
perspective nor support flexible extensions to general models and
datasets, thus making it challenging to meet those goals. Specifi-
cally, the core design of UniTG derives from the following three key
insights. First, the learning of LM4Graph architectures largely ben-
efits from time-sharing computation. The conventional two-phase
execution leads to massive resource idleness and computation star-
vation. Yet, this very two-phase nature also presents an opportunity
for time-sharing, where spare resources are leveraged to improve
hardware utilization and overall learning efficiency. Second, the
fine-tuning of LMs on graph data benefits from graph properties. The
LM learns the text embeddings of all graph nodes, while each node
actually participates differently in GNN computation. Some nodes
are more isolated with few connections with others, thus contribut-
ing less to GNN message passing [64, 79]. Thus, embeddings of
isolated nodes can be less “deep” for higher tuning efficiency. Third,
the intra-layer GNN computation can be further boosted by data affin-
ity. Sparse aggregation in GNNs is a key performance bottleneck.
Fortunately, graph workloads exhibit significant locality that can
be exploited to reduce memory access costs.

In detail, UniTG jointly optimizes computational efficiency and
model accuracy for TAG learning from both algorithmic and sys-
tems perspectives. Three key components are designed. (1) Affinity-
aware Flow Parallelism partitions GNN message flows across
workers and updates each subset model according to the affinity
nature of graphs, thus enhancing system scalability and reducing
the irregular memory access latency. (2) Dual-modality Collabo-
rative Learning fuses text and graph modalities by synchronizing
LM-encoded text attributes into the GNN training pipeline, maxi-
mizing model accuracy while accelerating LM fine-tuning via node
centrality. To increase GPU utilization, (3) Streamlined Pipeline
Schedule interleaves LM fine-tuning into idle intervals on workers
induced by the pipelined GNN phase (a.k.a., pipeline bubbles).

In summary, we make the following contributions:
C1: UniTG is the first unified system for LM4Graph learning in one

step. Inspired by the unique features of LM4Graph workloads,
UniTG exploits the bubble resources to improve hardware uti-
lization and holistic system efficiency.

C2: We characterize the key challenges in LM4Graph training and
identify graph-specific opportunities for optimizing both LM
and GNN phases, including guiding fine-tuning with node
centrality and computing nodes based on graph affinity.

C3: Through extensive experiments, we demonstrate that UniTG
achieves both time and resource efficiency for LM-based graph
representation learning. It outperforms SOTALM4Graph learn-
ing systems by up to 17.3× in training time and 17.8× in
energy consumption while maintaining model accuracy.

We highlight that the key contribution of UniTG is a holistic system-
algorithm co-design. Each component is specifically adapted to the
unique graph properties of LM4Graph and produces synergistic
benefits when combined (§4), rather than a straightforward appli-
cation of existing techniques in isolation.
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Figure 2: (a) The architecture of LM4Graph methods. (b)
LM4Graph methods outperform classical GNNs on TAG-
related tasks by a large margin.

2 BACKGROUND
2.1 LM4Graph Learning
LM4Graph (LM-based graph learning) has attracted surging atten-
tion in graph representation learning for various tasks on TAGs in
recent years [82]. As illustrated in Figure 2(a), current LM4Graph
methods typically decompose training into two phases: an LMphase
that encodes node text attributes using pre-trained languagemodels,
and a GNN phase that performs message passing over the result-
ing embeddings. Existing approaches follow two main paradigms.
Cascaded methods [11, 15, 28, 32, 57, 65, 74, 81, 88] materialize LM-
encoded embeddings as checkpoints before launching a separate
GNN training task. Another group of works [72, 77, 84] alternate
between the LM and the GNN phase, using outputs from one to
bootstrap the next. Some other works [14, 73, 76, 80] only adopt
LMs to learn node representations and make predictions, which
is beyond the scope of this work. As discussed, existing methods
have two phases decoupled in a one-at-a-time update pattern, and
cold-start the program to switch the phase, which suffers from
serious inefficiency and latent errors.

Formally, a TAG can be denoted as 𝐺 = (𝑉 ,𝐴, 𝒔𝑉 ) with nodes
𝑉 = {𝑣1, · · · , 𝑣𝑁 }, adjacency matrix 𝐴 ∈ R𝑁×𝑁 , and a sequential
text attribute 𝒔𝑣 ∈ 𝐷𝐿𝑣 for each node 𝑣 ∈ 𝑉 , where 𝐷 is the words
dictionary and 𝐿𝑣 is the text length.
LM Phase. A pre-trained LM LM (e.g., BERT [13] or DeBERTa
[26]) encodes each node’s text attribute 𝒔𝑣 into a 𝑑-dimensional
embedding vector:

𝒉𝑣 = LM(𝒔𝑣) ∈ R𝑑 . (1)

The resulting node embeddings are fed into the GNN as input
features for downstream tasks like node classification.
GNN Phase. A GNN updates via the message passing mechanism
[21], which first aggregates the feature vectors from a node’s neigh-
bors and then utilizes the aggregated information to update the
node’s representation. The 𝑙-th layer of a GNN can be recursively
expressed as:

𝒉𝑙𝑣 = 𝜙𝑙
(
𝜌𝑙

({
𝒉𝑙−1𝑢 | 𝑢 ∈ N (𝑣)

})
,𝒉𝑙−1𝑣

)
∈ R𝑑 (2)

where 𝒉𝑙𝑣 is the representation of node 𝑣 at layer 𝑙 and N(𝑣) de-
notes the set of 𝑣 ’s neighbors. 𝜌𝑙 is the aggregation function (e.g.,
sum, mean, etc.) that takes the embeddings of node 𝑣 ’s neighboring
nodes to get an intermediate aggregated result. 𝜙𝑙 is the update
function that takes the aggregated results and the previous-layer
representation to obtain the learned representation. The final rep-
resentation goes through a fully connected layer and a softmax
function for the label prediction.

Figure 3: The test score of GNNs when trained with different
numbers of layers. Deep layers show better performance.

LM Backbone GNN Backbone

RevGAT GraphSAGE GCN
deberta-base (100M) 75.38 74.78 72.07

all-roberta-large-v1 (355M) 75.40 74.87 72.82
e5-large (560M) 75.36 74.79 72.68

Table 1: Test accuracy (%) on ogbn-arxiv of using different
LM backbones with UniTG.

2.2 Graph and Language Models for LM4Graph
Necessity of Large GNNs. Conventional GNN models [22, 36]
achieve their best performance with 2 or 3 layers, but such shal-
low architectures limit their ability to extract structural informa-
tion from high-order neighbors. Also, real-world graphs can be
intricate and easily involve millions of nodes [27, 31], on which
shallow GNNs show subpar performance [6, 62]. Recent studies
[8, 10, 41, 58, 70, 87] demonstrate that with sophisticated architec-
ture designs, deep GNN models achieve SOTA performance over
shallow ones on multiple applications [35, 39, 40, 79] such as point
cloud segmentation [3, 69] and node classification [7, 41].

For better illustration, Figure 3 shows the impact of model layers
on the test score of several representative GNNs. All architectures
benefit from deeper layers, and the power of large depth even
becomes more evident on a larger graph dataset ogbn-proteins:
ResGEN with 112 layers improves the test score by up to 2.5%
compared to the shallow models. On the Pubmed dataset, the 32-
layer GCNII also outperforms the model with 2 layers by 2.6%
of accuracy. These results prove the necessity for deep GNNs of
LM4Graphs. However, existing LM4Graph methods [11, 28, 32, 76,
84] face inherent constraints in scaling to deep architectures due to
substantial memory demands and prohibitive training overheads.
As shown later, UniTG addresses this gap through algorithm-system
co-design to enable deep model training.
Sufficiency of Small LMs. Unlike long-context documents tackled
by LLMs, node text attributes in graphs are typically concise (50-100
tokens) in real datasets [31]. A fine-tuned small LM thus provides
sufficiently discriminative features for graph learning [11, 15, 28,
84], with comparable performance across different LM4Graph ar-
chitectures [15, 28]. Table 1 confirms this within UniTG: varying
the LM size while fixing the GNN backbone yields negligible accu-
racy differences. Therefore, UniTG is designed to align with existing
methods by adopting small LMs and we illustrate our discussion
with DeBERTa [26] hereafter. We also discuss the system challenges
of integrating larger LMs in §7.
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Figure 4: The profiled time and memory consumption of a
LM4Graph method on different GPUs.

3 MOTIVATION AND OPPORTUNITIES
3.1 Time-sharing of Two Phases
As discussed earlier, existing LM4Graph works [11, 15, 28, 32, 57, 65,
74, 81, 88] adopt either cascaded or alternating workflows to coordi-
nate LM and GNN phases. However, all decouple the two phases in
a one-at-a-time update pattern and cold-start the program for phase
switch, which is inefficient and error-prone. Figure 4 demonstrates
this on GLEM [84]. Only GPU 0 (purple line) continuously holds
both LM and GNN parameters in memory (>8 GB), while all other
GPUs remain idle during the GNN phase and activate only when
the LM phase recurs. This pattern repeats across training rounds,
leaving most GPUs persistently underutilized.

Nonetheless, the unique features of LM4Graph also bring opti-
mization opportunities. (1) Minor LM portion. In LM4Graph train-
ing, the LM phase usually occupies smaller proportion of the total
learning time, making it more tolerant to partial throughput slow-
down. We can therefore overlap LM computation with pipeline
bubbles, reducing makespan via time-sharing without degrading
GNN throughput. (2) Decreasing resource demand. We design a Lazy
Tuner as described in §4.3, which allows the LM to exit early at
the middle layers for certain inputs. The LM thus initially demands
more resources but gradually reduces its computational footprint,
alleviating kernel contention and allowing us to exploit bubble
resources for running more LM encodings.

Model Epoch Time(s)

RevGCN RevGAT ResGNN
Original Training 2.59 0.89 0.26

Affinity-aware Training 2.39 0.83 0.23

Table 2: Epoch time of training GNN in affinity-aware way
and the original counterpart on ogbn-products.

3.2 Graph Property Awareness
Although LMs have been novelly applied to conduct text encod-
ing for TAGs, existing methods [11, 15, 28, 65, 84] treat them as
standard NLP workloads where LMs process all nodes uniformly,
applying identical encoding process regardless of their structural
importance. However, in practice, nodes contribute unequally to
GNN aggregation based on their topological roles [64, 65, 79]. More-
over, existing GNN phases also fail to exploit graph topology in
sparse operations such as SpMM.

Graphs exhibit two key properties relevant to LM4Graph’s set-
ting: (1) data affinity, and (2) node centrality. Table 2 demonstrates
that affinity-aware training yields up to 1.13× speedup, suggesting
that clustering nodes in a graph by affinity improves data locality

Figure 5: Time breakdown of each phase when training dif-
ferent methods on 3 datasets on GPU-A (details in §5).

and sparse operator (e.g., SpMM) performance [65, 68, 83]. Build-
ing on this insight, UniTG implements affinity-aware computation
in the GNN phase to accelerate aggregation (§4.2), and centrality-
guided LM fine-tuning with adaptive early exit (§4.3). Since both
phases operate on the same graph and share the same learning
objective, these optimizations apply jointly.

3.3 Interactive Training Fusion
Existing LM4Graph methods adopt decoupled training, incurring
substantial overhead because of tedious and repetitive processes.
To understand the time bottleneck of current methods, we profile
the training time of TAPE [28] and GLEM [84] using DeBERTa-
base [26] and RevGAT [39] as the LM and GNN backbones, respec-
tively, across three datasets. Figure 5 shows the detailed training
time breakdown. On larger datasets like ogbn-arxiv [31], training
extends to 13 hours, with the GNN phase dominating (>70%). This
overhead originates from decoupled execution, frequent check-
point reloads, and cold-start phase transitions, making existing
LM4Graph methods much slower than GNN-only and LM-only
counterparts. However, our evaluation (Figure 14) shows that feed-
ing LM-encoded embeddings to the GNN concurrently with LM
fine-tuning does not compromise convergence or accuracy. This mo-
tivates continuous, interleaved training without cold starts, achiev-
ing efficiency comparable to GNN-only or LM-only training while
matching the accuracy of decoupled LM4Graph methods.

4 SYSTEM DESIGN
4.1 UniTG Overview
Motivated by all observations in §3, we propose UniTG, an algorithm-
system co-optimized system tailored for portable LM-based graph
learning coherently in one step.
Principles & Goals. UniTG adheres to three design principles:
(a) Efficient and accuracy-maintained. The system jointly optimizes
training time and resource utilization across both LM and GNN
phases, enabling deeper GNN architectures while matching the con-
vergence and accuracy of decoupled baselines (solving I1, I3, I4).
(b) Seamless and portable. UniTG automates the entire LM4Graph
learning workflow, eliminating manual phase orchestration and
checkpoint management. The LM and GNN phases update concur-
rently with minimal user intervention (solving I1, I3). (c) Modular
and specialized. Each component in UniTGworks independently and
thus can be applied to existing algorithms non-invasively. Tailored
to LM4Graph workloads, UniTG leverages graph-specific properties
(e.g., affinity, centrality) to scale to large GNNmodels and generalize
across TAG tasks (solving I2).
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Figure 6: Overview of UniTG architecture and workflow.

System Architecture. Figure 6 shows the architecture and work-
flow of UniTG, which optimizes LM4Graph training across three
layers: runtime, algorithm, and execution.

• Runtime: Affinity-aware Flow Parallelism. From the distributed
runtime perspective, we design a Flow Parallelism (FP) tailored
for GNNs to split themodel across workers at the inter-layer level.
Leveraging graph affinity, we boost the intra-layer computation
by alleviating irregular memory access.

• Algorithm: Dual-modality Collaborative Learning.We integrate
the training of LM and GNN concurrently as a whole withModal-
ity Collaborator. It automatically synchronizes LM-encoded em-
beddings into the GNN training pipeline, enabling concurrent
text and graph modality fusion without compromising accuracy.
In addition, a Lazy Tuner exploits node centrality to safely accel-
erate LM fine-tuning via adaptive early exit.

• Execution: Streamlined Pipeline Schedule. A Bubble Interleaver
inserts LM tuning into pipeline bubbles of the GNN phase, thus
enabling time-shared execution. We also build an Auto Scheduler
customized for collaborative learning to adjust the pipeline set-
tings and support extensions to different LM4Graph approaches.

Positioning of UniTG.We emphasize that the novelty of our UniTG
lies not merely in individual techniques, but in their graph-specific
adaptations and cross-level synergies within the LM4Graph setting.
Each component addresses a barrier that precludes direct adoption
of existing solutions. (1) Standard pipeline parallelism [33, 52] typ-
ically partitions mini-batches into micro-batches; yet in GNNs,
excessive partitioning breaks graph connectivity and degrades
accuracy (see Figure 8), necessitating affinity-aware partitioning.
(2) NLP early exiting [9, 16, 47, 56] relies on sample-level confi-
dence, whereas our Lazy Tuner exploits graph topological property
to determine exit depth, which is a simple yet effective indicator
for LM4Graph. (3) The Bubble Interleaver also exploits structural
properties unique to LM4Graph learning: the coexistence of two het-
erogeneous phases with complementary resource profiles, where
time-sharing is infeasible in single-model training. Moreover, these
components are mutually reinforcing. For example, affinity-aware
partitioning enhances SpMM locality while preserving microbatch
connectivity; and the Lazy Tuner’s progressively shrinking compu-
tation frees increasing bubble capacity over time. Detailed ablation
studies (§5) isolate the impact and necessity of each design choice.

Figure 7: Design of Affinity-aware Flow Parallelism. (a) Orig-
inal graph topology, (b) affinity-aware topology and (c) Flow
Parallelism for a GNN model with 4 pipeline stages.

4.2 Affinity-aware Flow Parallelism
Graph Affinity. Graph affinity [18, 54, 83] characterizes subsets
of nodes that are densely intra-connected yet sparsely linked to
the remainder of the graph. This graph property directly impacts
GNN performance because the aggregation operator in Equation 2
reduces to SpMM, which is a memory-bound kernel whose through-
put suffers from irregular accesses. In a sparse matrix, the non-zero
elements (NNZs) are stored in a row-major pattern but scattered in a
wide range of column indices [5], causing non-contiguous accesses
into the dense feature matrix. Thus, affinity-aware partitioning
concentrates NNZs within local blocks, improving data locality and
GPU cache efficiency and consequently enhancing the performance
of SpMM. There exist some approaches [1, 54] in traditional graph
learning that also utilize the affinity nature, but they majorly aim
for CPU processing with limited parallelization.
Intra-layer Affinity-aware Computation. In light of the above,
we exploit the graph affinity to optimize intra-layer GNN com-
putation as shown in the upper part of Figure 7. Specifically, we
incorporate a lightweight reordering mechanism to split and rear-
range the sparse adjacency matrix into dense blocks, improving
spatial locality without changing the original graph connectivity.
Figure 7(a) is the adjacency matrix of the original graph, which
shows an irregular pattern (yellow blocks). For example, the update
of node-0 depends on node-1,-3, and -5 stored in discontinuous
memory. In contrast, with affinity-aware node reordering, we ob-
tain the reordered graph in Figure 7(b) and get better data density
with more locality in the adjacency matrix. After affinity-aware
reordering (Figure 7(b)), the adjacency matrix exhibits denser clus-
ters, and the proximity of node IDs is more likely to be mapped
to the adjacency of computing units on GPUs where they get pro-
cessed. This enables coalesced feature accesses for neighboring
nodes within each GNN layer, improving the computing efficiency.

As for the reordering method, we improve upon METIS [20],
which partitions the graph and reorders nodes to minimize neigh-
bor access costs, with time and space comlexity O(|𝑉 | + |𝐸 |). We
optimize the implementation of METIS for a lower cost: we ex-
tract cluster structure from the partitioned graph and propagate
this locality information to GPU kernels, enabling efficient cache
utilization (L1/L2) for refined cluster capturing.
Inter-layer Flow Parallelism. To scale LM4Graph methods to
large GNN models, we split the message flows between GNN lay-
ers and dispense computation across devices. Existing approaches
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Figure 8: The test accuracy of GNNs in Flow Parallelismwhen
trained with different numbers of microbatches𝑀 .

typically distribute only the LM phase, treating the GNN phase
as a primitive status. This asymmetry yields fragmented pipelines
and limits end-to-end optimization. Other works on parallelism
techniques [23, 34, 37, 44, 51] (e.g., GPipe [33]) support large-scale
model training. However, directly applying these methods to TAG
learning presents two fundamental challenges: (1) not supporting
graph inputs; (2) deteriorating model accuracy. In traditional LMs,
the input is a token sequence without 2D structures. In contrast,
GNNs rely on graph topology for each model input and intermedi-
ate computation. In addition, current model parallelism methods
further split batches to numerousmicrobatches for higher efficiency,
which is non-trivial for GNNs since over-segmentation on graphs
loses connectivity and hurts model accuracy substantially.

To address these challenges, we design an Inter-layer Flow Par-
allelism specialized for LM4Graph methods. Figure 7(c) depicts the
workflow with 4 microbatches across 4 devices. Given an 𝐿-layer
GNN, UniTG partitions the model into 𝑃 consecutive stages of 𝐿/𝑃
layers each, assigning one stage per worker. Workers exchange
intermediate embeddings (forward pass) and gradients (backward
pass) via point-to-point communication at stage boundaries. During
the forward pass (blue blocks), the Flow Parallelism first splits the
original graph with 𝑁 nodes into𝑀 subgraphs, referred to asmicro-
batches hereafter, by considering the affinity nature. This minimizes
edge cuts to preserve locality and training quality (more details
in §4.4). Then these microbatches are pipelined across 𝑃 workers
with overlapping computation to reduce bubble time. During the
backward pass (green blocks), radients are accumulated across mi-
crobatches to update stage-local parameters. Notably, aggregation
executes on the affinity-aware data layout (yellow blocks).
F-then-B vs. 1F1B.We adopt the Forward-then-Backward (F-then-
B) strategy in GPipe [33], instead of One-Forward-One-Backward
(1F1B) [17, 23, 51], as F-then-B better fits the memory and time op-
timizations when the number of microbatches is small. As Figure 8
illustrates, increasing the microbatch count significantly degrades
GNN convergence and accuracy (orange and red curves). Therefore,
the microbatch count for pipelined GNN should be limited to a small
scale, which is typically no more than the parallelism degree (i.e.,
𝑀 ≤ 𝑃 ). In this case, 1F1B offers no throughput advantage as its effi-
ciency gains require a massive number of microbatches [33, 38, 60],
whereas F-then-B achieves comparable throughput with more bal-
anced per-worker memory. We therefore employ F-then-B in UniTG,
leveraging its pipeline bubbles to interleave LM training (§4.4).

4.3 Dual-modality Collaborative Learning
Existing LM4Graph methods fine-tune pre-trained LMs (e.g., De-
BERTa [26]) to better encode node text attributes. Yet they treat

Figure 9: Illustration of the proposed Centrality-guided Lazy
Tuner, and how it interacts with the GNN phase. Each grey
bar represents a sequence of model layers. Both phases are
trained in the collaborative learning mechanism.

LM fine-tuning as a standard NLP task, applying uniform compu-
tation across all nodes while ignoring graph topology. This incurs
prohibitive overhead: full fine-tuning over the entire node set is
computationally expensive and neglects structural properties that
differentiate nodes in importance. While parameter-efficient tech-
niques such as adapters [29, 30] and prompt tuning [45, 48] reduce
LM training costs, they remain graph-agnostic. Those differences
invoke specialized and dedicated system designs for LM4Graph
methods towards more aggressive LM fine-tuning and more effi-
cient training paradigms.
Centrality-guided Lazy Tuner. Motivated by the early exiting
mechanism [9, 16, 47, 56], we propose Centrality-guided Lazy Tuner
that adopts graph-aware early exits during LM fine-tuning. Figure 9
depicts the mechanism. Rather than routing all nodes through the
full model depth, we exploit node centrality to determine exit depth.
The key insight is that not every node deserves the same depth of
consideration, and one shall opt for fast reaction to marginal nodes
without time-consuming overthinking. Therefore, for graph inputs
to the LM, UniTG assigns each node a degree centrality 𝑐 (𝑣) =

|N (𝑣) |, precomputed in O(|𝑉 |+|𝐸 |) from the adjacency matrix, and
partitions all nodes into four distinct groups G = {𝐶1,𝐶2,𝐶3,𝐶4}
by centrality, with𝐶1 (light blue) containing the least central nodes
and 𝐶4 (deep blue) the most central. The LM is also evenly divided
into 4 parts as exit positions. During fine-tuning, the training of
nodes in 𝐶1 leaves earliest from a quarter of the network to an
early-exit linear layer 𝝋1. Then 𝝋1 converts the hidden states into
output embeddings 𝒆1 (similar for other groups). After applying
the early exit strategy, the learning objective becomes:

min 1
|G|

∑︁
𝑖∈ |G | L

exit
𝑖 , (3)

where |G| is the number of exits, and Lexit
𝑖

denotes the standard
loss function at the 𝑖-th exit layer. Prior work on LM early exit
[9, 16, 47] prove that the early-exit losses decay at a similar pace
to the final-exit loss. Though the early-exit losses might be higher
than the final-exit loss, they encode less important nodes that play
trivial roles in subsequent training (low centrality). Applying it
to UniTG, our Centrality-guided Lazy Tuner can provide robust
embeddings for graph learning and obtain convergence comparable
to full LM fine-tuning (see Figure 13(b)).
Modality Collaborator. To convey the encoded embeddings from
the LM to the GNN phase, current approaches save the embeddings
as checkpoints. Then the GNN task is launched to load them as
model inputs. This cold-start way is time-consuming and error-
prone, which will be exacerbated when phases alternate and repeat
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Algorithm 1 Dual-modality Collaborative Training
Input: LM LM, GNN GNN, TAG𝐺=(𝑉 ,𝐴, 𝒔𝑉 ) , GNN epochs 𝐽 ; trigger

threshold𝑇=20, sync schedule S=[0.3𝐽 , 0.2𝐽 , 0.1𝐽 , 0.02𝐽 ]
Output: Trained LM and GNN
1: Partition𝑉 into {𝐶1, . . . ,𝐶4} by degree centrality 𝑐 (𝑣)= |N (𝑣) |
2: 𝐻 [𝑣 ] ← raw feature of 𝑣 for all 𝑣 ∈𝑉 ▷initial GNN inputs
3: idx← 0, Δ𝑡 ← S[0], cnt← 0, 𝐹 ← +∞
4: for 𝑗 = 1 to 𝐽 do
5: Fine-tune LM via Lazy Tuner on {𝐶1, . . . ,𝐶4}
6: if 𝑗 mod ⌊Δ𝑡 ⌋ = 0 then ▷periodic sync
7: 𝐻 [𝑣 ] ← exit embedding LM(𝒔𝑣 )
8: LGNN

𝑗
← train GNN one epoch with input 𝐻

9: 𝐹prev ← 𝐹

10: if 𝐹 = +∞ then 𝐹 ← LGNN
𝑗

else 𝐹 ← 0.2𝐹 + 0.8LGNN
𝑗

11: if 𝐹 < 𝐹prev then cnt← cnt + 1 else cnt← 0
12: if cnt ≥ 𝑇 and idx < |S | − 1 then ▷tighten sync
13: idx← idx + 1, Δ𝑡 ← S[idx], cnt← 0
14: return LM, GNN

frequently. Therefore, we introduce a new paradigm for coherent
and portable graph learning. We fuse two phases’ training simul-
taneously and coordinate them to gradually enhance the learning.
As shown in Figure 9, we initiate both the LM and GNN training
at the beginning. During LM fine-tuning, we periodically extract
node embeddings from the last (or early-exit) hidden layer every Δ𝑡
steps and feed them directly to the GNN as input features. Nodes
whose embeddings have not yet been synchronized fall back to raw
numerical features to preserve training stability.
Dynamic Synchronization Scheduling. To better ensure train-
ing accuracy, we dynamically adjust the synchronization frequency
Δ𝑡 between LM and GNN phases. Prior works [15, 84] demonstrate
that even pretrained LM embeddings (without fine-tuning) improve
GNN accuracy. Based on this, since the embeddings generated in
the early tuning stages are insufficiently refined, intuitively we be-
gin with infrequent synchronization and progressively increase the
frequency as training stabilizes. Specifically, to measure the overall
training status of using LM encoded embeddings, we track an Ex-
ponential Moving Average (EMA) Loss: 𝐹 𝑗 = 0.8𝐹 𝑗−1 + 0.2L𝐺𝑁𝑁

𝑗
,

where L𝐺𝑁𝑁
𝑗

is the GNN loss at epoch 𝑗 . Initially, Δ𝑡 = 0.3𝐽 , where
𝐽 is the total number of GNN epochs. Then Δ𝑡 gradually decreases
to values in the set S = {0.3𝐽 , 0.2𝐽 , 0.1𝐽 , 0.02𝐽 } determined em-
pirically. When 𝐹 𝑗 keeps decreasing for 20 consecutive epochs,
we conclude that the current embeddings are sufficiently refined,
and UniTG decreases Δ𝑡 to the next value in S to get more fre-
quent synchronization of LM-generated embeddings. Otherwise,
the embeddings are not refined enough, and we keep Δ𝑡 unchanged
to enable more stable training. Algorithm 1 shows the details of
UniTG’s collaborative learning. We note that the 20-epoch condition
is evaluated on the smoothed 𝐹 𝑗 (EMA with a factor of 0.8), not
the raw stochastic loss. The heavy smoothing effectively filters out
SGD noise, making consecutive decreases a practically achievable
condition. The final accuracy in Table 5 indicates the effectiveness
of our Modality Collaborator.
Handling Feature Staleness. Collaborative training introduces
feature staleness, as the GNN may consume embeddings from prior
LM iterations. We argue that this staleness is naturally mitigated
by two properties of our design. First, early-stage tolerance: at the

Figure 10: Illustration of Bubble Interleaver with 4 pipeline
stages and 4 microbatches. Right-side is the memory con-
sumption of each GPU.

beginning of training, LM embeddings change rapidly, but the GNN
is far from convergence, so the impact of stale features on the opti-
mization trajectory is limited. Second, late-stage stability: as the LM
fine-tuning progresses, the encoded embeddings gradually stabilize,
which diminishes staleness. Our adaptive Δ𝑡 schedule aligns with
this observation: it starts with infrequent synchronization (large Δ𝑡 )
when staleness is high but harmless, and increases synchronization
frequency as embeddings mature and become more beneficial for
GNN training. We provide a sensitivity analysis on Δ𝑡 in §5.3 to
empirically validate this design.

4.4 Streamlined Pipeline Schedule
We then discuss execution-level optimizations, including a Bubble
Interleaver to improve resource utilization in a time-sharing way,
and an Auto Scheduler tailored for the Dual-modality Collaborative
Learning to adjust training settings and support general usage.
Bubble Interleaver. The Flow Parallelism can significantly reduce
the GNN training time, but also starve faster stages of microbatches
to run and thus result in resource under-utilization. As shown in
Figure 7(c), the inter-layer values (activations and gradients) of the
partial model are transferred at the forward and backward passes
between different workers. For worker 1, after the forward pass of
the final microbatch (blue block 4), it keeps waiting since gradients
of microbatch 1 have not been produced yet (green block 1), leaving
the GPU idle for a long time (other workers are similar).

UniTG designs Bubble Interleaver as shown in Figure 10, which
leverages bubbles to greatly extend the tuning job resources in a
time-sharing way, almost without hurting the throughput of the
pipelined GNN training. LM4Graphworkloads are perfectly suitable
for the bubble interleaving execution due to the following unique
features: (1) Mixed parallel workloads. Unlike common learning
jobs, there are two distinct distributed jobs (i.e., LM and GNN) that
coexist in the learning process, enabling time-sharing computation.
(2) LM throughput insensitivity. In LM4Graph methods, usually the
LM phase consumes a small fraction of total training time (Figure 5)
and is further accelerated by our Lazy Tuner, thus being tolerant of
partial throughput slowdown. (3) Reduced resource demand. Lazy
Tuner instructs the LM to exit from earlier layers along the training.
Therefore, the resources needed for LM computation gradually
reduce and the bubbles can be utilized for more LM tuning. All the
above inspires us to leverage the spare resources of the bubbles and
execute the LM phase in a pause-and-resume way.
Implementation Details. In Figure 10, UniTG interleaves the 4-
stage GNN Flow Parallelism with data-parallel LM fine-tuning.
Since LMs are relatively small, data parallelism (DP) or single-GPU
training is sufficient for efficient LM fine-tuning. We discuss the
system implications of employing larger LMs in §7, noting that
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their practical utility for LM4Graph workloads remains marginal
(Table 1). Here we depict LM tuning with DP across 4 GPUs for
illustration, with each DP process (denoted as LM DP1∼4) running
in FP bubbles accordingly. Each LM process executes in a pause-
and-resume mechanism to leverage the bubbles. We register hooks
on each operation of the LM to promptly control the pause and
resumption in the forward and backward passes of each layer. Ini-
tially, both LM and GNN phases are started, and UniTG identifies the
idle resources in FP bubbles. For the pipelined GNN, our Affinity-
aware Flow Parallelism also registers hooks inside each pipeline
stage to monitor its training progress and resource consumption.
To interleave the LM process correctly into bubble intervals, Bubble
Interleaver checks the status of the CUDA streams of the NCCL
kernels. We realize this by sending self-defined signals to control
the resumption and suspension of LM processes at the beginning
and end of bubbles, which avoids kernel interference and intro-
duces negligible overhead to GNN training. We also profile the
memory footprints with Bubble Interleaver (Figure 10, right). The
result confirms that flow parallelism and data parallelism reduce
per-device memory footprints sufficiently to eliminate swapping
during colocation, while substantially improving GPU utilization.
Auto Scheduler. Unlike typical hybrid parallelism methods [4, 24,
86], the parallelisms in our scenario are innately independent, which
avoid complicated strategy design and can be better scheduled by
UniTG. We design an Auto Scheduler to balance the efficiency-
quality trade-off and accommodate various LM4Graph methods to
deliver the best performance. Two factors are considered.
(1) Microbatch count 𝑀 . Unlike LLM training, the number of mi-
crobatches in graph learning is highly limited, as discussed in §4.2.
While increasing𝑀 improves throughput, it degrades accuracy due
to a greater drop of connectivity information. To better determine
𝑀 , we profile GNN accuracy by varying𝑀 values (Figure 8). The
results show that𝑀 ≤ 4 gives ideal performance across all tested
configurations, with smaller graphs being more tolerant of more
microbatches. Therefore, given the Flow Parallelism degree 𝑃 and
graph size 𝑁 , empirically we can derive 𝑀 as follows to balance
training efficiency and model accuracy:

𝑀 =


16 𝑁 < 104

8 104 ≤ 𝑁 < 5 × 104

4 𝑁 ≥ 5 × 104
and 𝑀 ≤ 𝑃 (4)

(2) Scenarios where UniTG performs best. The effectiveness of Bubble
Interleaver varies depending on multiple factors and we present
the most affected ones. (i) Higher parallelism of both phases. More
stages of a pipelined GNN imply a higher bubble ratio and more
spare resources, which typically can interleave the LM tuning on
each device and accelerate dozens simultaneously. In this case,
the same size of DP for the LM tuning is also a perfect match for
maximum resource utilization and overall acceleration. (ii) Tasks
with similar training time are preferred. Too large LMs of up to 50
billion parameters fail to be allocated on any bubble resources and
are memory-consuming in both model and activation size. On the
other hand, too small LMs (e.g., 20 million parameters) terminate
far earlier than GNN training and are unable to fully utilize the
hardware resources. As a result, LMs of middle size like DeBERTa
[26] are ideal choices for the LM phase.

Datasets # Vertices # Edges # Features Task Metric

ogbn-arxiv [31] 169,343 1,166,243 128 40-class classif. Accuracy
ogbn-products∗ [31] 54,025 74,420 100 47-class classif. Accuracy
ogbl-citation2 [31] 2,927,963 30,561,187 128 Link prediction MRR

pubmed [59] 19,717 44,338 500 3-class classif. Accuracy
cora [49] 2,708 5,429 1,433 7-class classif. Accuracy

Table 3: Detailed information of evaluated datasets.

Models ogbn-arxiv & ogbn-products pubmed & cora

# Layers # Hidden Epoch # Layers # Hidden Epoch

RevGCN 112 224 1000 & 500 448 80 1000 & 1000
RevGAT 20 256 2000 & 500 40 768 1000 & 500
ResGEN 56 128 2000 & 1000 112 64 500 & 1000

Table 4: Hyperparameters for GNNs.

5 EVALUATION
Implementation. We implement UniTG atop PyTorch 2.1 [55]
with about 23K LoC. The point-to-point communication is imple-
mented via torch.distributedwith the NCCL backend.We evalu-
ate UniTGacross four dimensions: (1) training throughput, (2) model
accuracy, (3) energy consumption, and (4) microbenchmarks and
ablation studies isolating the contribution of each component.
Testbed. Our experiments are performed on two NVIDIA GPU
servers with the following setups: ❶ 2 servers each with 8 type A
GPUs (24GB). Intra-server connections (CPU-GPU, GPU-GPU) are
based on PCIe 4.0x16 lanes and inter-server connections are via
1Gbps Ethernet. ❷ 2 servers each with 8 type B GPUs (96GB) with
NVLink and 3.2Tbps InfiniBand. By default, server ❶ is used.
Datasets and Models. We evaluate UniTG on versatile real-world
graph datasets with multiple scales (Table 3). Following TAPE [28],
we mainly use a subset of ogbn-products for fair comparison (the
full ogbn-products dataset is specifically evaluated in §5.1). We
use three large GNNs commonly adopted as the GNN backbone,
including RevGCN [41], RevGAT [39], and ResGEN [40]. For the
LM backbone, we exemplify DeBERTa [26] in evaluations. Note
that UniTG can be also applied to other LM4Graph approaches with
versatile LM and GNN backbones. Hyperparameters follow the
original papers and are summarized in Table 4.
Baseline Implementations. As no prior integrated LM4Graph
systems exist, we compare against the original implementations of
two representative methods: (1) GLEM [84], which trains the LM
and GNN alternatively with many rounds, and (2) TAPE [28], which
captures textual information by an LLM and then translates via an
LM several times to get different encodings. As both baselines only
support a single GNN architecture, we meticulously extend them to
additional backbones for comprehensive comparison. We note that
both baselines follow a decoupled paradigmwhere the LM and GNN
phases execute sequentially one-at-a-time. For distributed training,
we follow their original implementation where both baselines only
support data parallelism for the LM phase.

5.1 End-to-end Performance
Table 5 reports end-to-end training time and test accuracy on one
GPU-A server (speedup is relative to GLEM). By default, UniTG em-
ploys 4-stage GNN flow parallelism and 4-way LM data parallelism.
Learning efficiency. For node classification tasks, UniTG substan-
tially outperforms all baselines by 4.5∼17.3×. The makespan of
GLEM can prolong to prohibitive 23 hours with RevGCN on the
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Model Method ogbn-products ogbn-arxiv pubmed cora

Total Time(s) Test Acc.(%) Total Time(s) Test Acc.(%) Total Time(s) Test Acc.(%) Total Time(s) Test Acc.(%)

RevGCN
GLEM 7593.20(1.00×) 79.36 81945.19(1.00×) 72.52 9604.11(1.00×) 94.59 5943.11(1.00×) 86.66
TAPE 6289.28(1.21×) 80.38 71694.70(1.14×) 73.45 8604.29(1.12×) 94.37 5767.62(1.03×) 87.64
UniTG 1453.84(5.22×) 79.34 4732.49(17.32×) 72.37 2123.67(4.52×) 95.06 1278.38(4.65×) 86.53

RevGAT
GLEM 3962.34(1.00×) 79.82 46924.24(1.00×) 74.93 13550.53(1.00×) 94.71 1392.88(1.00×) 87.96
TAPE 2761.58(1.43×) 79.87 38542.30(1.22×) 76.02 12224.39(1.11×) 94.65 1071.87(1.30×) 87.08
UniTG 621.83(6.37×) 79.05 5347.00(8.78×) 75.80 1304.79(10.39×) 94.83 277.69(5.02×) 87.82

ResGEN
GLEM OOM - OOM - 2507.30(1.00×) 94.41 804.89(1.00×) 85.42
TAPE OOM - OOM - 1645.64(1.52×) 93.94 316.82(2.54×) 86.35
UniTG 433.46 76.55 4099.88 72.39 401.04(6.25×) 94.73 92.06(8.74×) 86.72

Table 5: End-to-end evaluation of methods when training on one GPU-A server. OOM means the method runs out of memory.

Figure 11: Detailed time breakdown of LM and GNN phases
for all methods on two models.

ogbn-arxiv dataset. In contrast, UniTG successfully reduces the
makespan to only 1.3 hours, which critically facilitates learning effi-
ciency and saves possible resource costs. Moreover, the speedup of
UniTG is more evident on larger datasets with more intensive com-
putation. This reflects that UniTG is more suitable for large-scale
jobs with limited resources, which is hard to handle by existing
methods. In most cases, TAPE achieves marginal improvement over
GLEM, as both rely on sequential phase execution. Additionally,
the two baselines run out of memory (OOM) on both ogbn datasets
on ResGEN, due to their incapability of training large GNNs.

Figure 11 breaks down training time by phase. In most cases, the
GNN phase dominates over 89% of the total time, which hinders
system efficiency and blocks resource usage under the decoupled
paradigm. EvenwhenGNN is faster than LM (e.g., RevGEN in Figure
11(b)), the total time is still large due to the accumulated time of two
phases. In contrast, UniTG directly completes the learning quickly
in one step, with a makespan even lower than a single LM phase in
baselines (e.g., RevGCN on ogbn-arxiv), thanks to our intra-phase
acceleration and inter-phase interleaving.
Accuracy. Table 5 also reports test accuracy. UniTG achieves ac-
curacy comparable to baselines, sometimes slightly below TAPE
(which employs LLM-generated explanations for augmentation).
Notably, UniTG always achieves accuracy improvement of up to
0.79% on pubmed, mainly thanks to data-aware LM tuning. In sum-
mary, UniTG is sufficient to provide equivalent accuracy with other
complex baselines.
Power consumption. UniTG designs a time-sharing paradigm,
which eliminates the decoupled pattern where each phase monop-
olizes the hardware resources and causes energy waste. In Table
6, we compare the total energy consumption of UniTG on each
GPU against baselines over several datasets. UniTG demonstrates

Method ogbn-arxiv pubmed

RevGCN RevGAT RevGCN RevGAT
GLEM 27.72M 15.43M 3.04M 4.62M
TAPE 24.49M(1.1×) 12.86M(1.2×) 2.75M(1.1×) 4.20M(1.1×)
UniTG 1.56M(17.8×) 1.65M(9.4×) 0.69M(4.4×) 0.46M(10.0×)

Table 6: GPU energy consumption comparison (units: J).

Method RevGCN ResGEN

Time(s) Acc.(%) Time(s) Acc.(%)

GLEM 98.1 77.56 OOM -
TAPE 79.8 78.08 OOM -
UniTG 9.3 77.36 3.4 74.86

(a) ogbn-products.

Method Time (hours) MRR (%)

GLEM 155.8 81.02
TAPE 126.4 81.85
UniTG 11.5 81.13

(b) ogbl-citation2.

Table 7: End-to-end results on full-scale datasets and addi-
tional TAG tasks (ogbn-products for node classification and
ogbl-citation2 for link prediction).

up to 17.8× and 15.7× energy savings over GLEM and TAPE, respec-
tively. GLEM spends the most GPU power because of its tedious LM
and GNN steps for multiple rounds. Our system cleverly fuses two
phases’ training, dramatically cutting down unnecessary energy
costs and promoting sustainable computing for graphs.
Scalability on the full ogbn-products. To further validate the
scalability of UniTG on larger graphs, we conduct experiments on
the full ogbn-products dataset (2.4M nodes, 62M edges), as shown in
Table 7a. To train the full ogbn-products dataset, we set the number
of mini-batches to 46, and keep the number of micro-batches as
4 as original. Both baselines complete training on RevGCN but
exhaust GPU memory (OOM) on ResGEN, as they are hard to scale
to large GNN models. UniTG successfully trains both backbones: on
RevGCN, it achieves 10.5× and 8.6× speedup over GLEM and TAPE
(9.3 s vs. 98.1 s and 79.8 s, respectively) with comparable accuracy;
on ResGEN, it completes training in 3.4 s at 74.86% accuracy where
baselines fail.
Link prediction. To evaluate the generality of UniTG beyond node
classification, we conduct link prediction experiments on ogbl-
citation2 [31], a large-scale text-attributed citation network (2.9M
nodes, 30M edges). Since all GNN backbones used in our work
were originally designed for node-level tasks, we adopt the SEAL
framework [78] with RevGCN as the subgraph encoder for UniTG
and baselines. Table 7b reports the end-to-end training time and
Mean Reciprocal Rank (MRR). UniTG achieves 13.5× and 11.0×
speedup over GLEM and TAPE, while maintaining comparable
MRR (81.13% vs. 81.02% and 81.85%).
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Variant ogbn-arxiv pubmed

GLEM 81945.19 (↓17.32×) 9604.11 (↓4.52×)
Complete UniTG 4732.49 (1.00×) 2123.67 (1.00×)
w/o Affinity-aware FP (Runtime) 15007.60 (↓3.17×) 7064.40 (↓3.33×)
w/o Bubble Interleaver (Execution) 7470.97 (↓1.58×) 3070.50 (↓1.45×)
w/o Modality Collaborator (Algorithm) 4968.12 (↓1.02×) 2279.41 (↓1.07×)
w/o Lazy Tuner (Algorithm) 4813.50 (↓1.01×) 2130.02 (↓1.00×)

Table 8: Component ablation study. Each row disables one
component, and the ratio is relative to the complete UniTG.

Component ablation study. To demonstrate that each component
of UniTG is necessary and contributes meaningfully, we conduct
a leave-one-out ablation study. Starting from the full UniTG, we
disable one component at a time and report the end-to-end training
time and test accuracy with RevGCN in Table 8. More detailed
ablation studies without affinity reordering and flow parallelism
can be found in §5.2 and Figure 12, so here we regard Affinity-aware
FP as a single component. And note that if we disable Affinity-aware
FP, the Bubble Interleaver cannot be applied either since there are
no pipeline bubbles. To compare each module fairly, in this case we
colocate the LM phase and the GNN phase to simulate the effect
of Bubble Interleaver. From the results, we can clearly observe the
synergistic effect of the components of UniTG’s three-layer design.
Assume each component contributes independently, on ogbn-arxiv,
the expected speedup over GLEM should be 81945.19/(4732.49 ×
3.17 × 1.58 × 1.02 × 1.01) ≈ 3.36×, much lower than that of the
complete system which is 17.32×.

Figure 12: Detailed ablation study of Affinity-aware FP on
ogbn-arxiv. (a) Effect of each technique. (b) The supported
maximum GNN size w.r.t. GPU count.

5.2 Effect of Flow Parallelism
Training speed w.r.t. different techniques. Figure 12(a) reports
the training throughput of the GNN phase when varying the applied
techniques. Obviously, the proposed Flow Parallelism (blue bar)
reduces the training time by a large margin of 3× on the basis of
vanilla GNN training. Applying affinity-aware reordering on top
of it (green bar) further shortens the epoch time by 3.4×, owing
to its effectiveness in reducing irregular memory access. UniTG
can support large GNNs like ResGEN which suffers OOM issue
on baseline methods. Moreover, Figure 12(a) reveals an interesting
observation that UniTG achieves limited improvement over vanilla
GNN if FP is disabled. This is because sparse computation dominates
in large GNNs and graphs, exhibiting no evident speedup even if
we cluster the graph. Therefore, it is important to combine FP and
affinity-aware reordering to achieve the desired performance.
Model size w.r.t. number of GPUs. In Figure 12(b), we examine
the maximum GNN model size that can be trained on 1∼8 GPUs
with UniTG. Since all baselines do not support large GNN training

Figure 13: Effect of Lazy Tuner on DeBERTa-base. (a) Total
time effect on LM fine-tuning. (b) Loss curve comparisons
with some highlighted exit points.

on multiple GPUs, we only plot the results of our system. The maxi-
mum GNN size of UniTG almost scales linearly w.r.t. the number of
GPUs and can reach to 19 million on 8 GPUs, which is unavailable
for baselines employing vanilla training.

5.3 Effect of Collaborative Learning
Centrality-guided Lazy Tuner. We first evaluate the Lazy Tuner
on the LM phase (§4.3), measuring tuning time and model quality
on one type-A GPU server.
(1) Efficiency of LM fine-tuning. Figure 13(a) compares total LM
tuning time with and without the Lazy Tuner across three datasets.
We report total time rather than per-iteration time because the
adaptive exit depth varies across iterations. The Lazy Tuner reduces
tuning time by 3.8×-4.3×. For example, on ogbn-products, tuning
time drops from 701 s to 165 s. Due to the page limit, we only select
DeBERTa-base [26] as the LM backbone for presentation because
of its relatively obvious efficacy of Lazy Tuner.
(2) Loss curves and convergence. Since Lazy Tuner only trains a
partial model for certain inputs, we compare loss trajectories with
and without the Lazy Tuner. From the results in Figure 13(b), the
loss curve with Lazy Tuner (blue) decays at a faster pace at the
beginning, owing to early exits of unimportant nodes from the
network. Unsurprisingly, when approaching the end of training,
the early-exit losses are slightly higher than the standard loss (olive).
Notably, we can observe some spikes in the loss curves (red circles),
standing for the occurrence of exiting at a different layer, e.g., 16-th
layer other than the original final layer on the first spike. Though
there exist many spikes for the early-exit loss during the whole
process, it shows an overall convergence trend and the system is
tolerant to less precise embeddings for less important nodes.
Model accuracy of Modality Collaborator. We regularly syn-
chronize embeddings from the LM to enhance GNN training. There-
fore, we examine the model accuracy and convergence curves of
UniTG in Figure 14. UniTG matches TAPE’s convergence trajectory
and final accuracy across all configurations, confirming that collab-
orative learning well preserves the model quality. On ogbn-arxiv
with RevGCN, UniTG additionally accelerates convergence, consis-
tent with the faster LM tuning dynamics observed in Figure 13(b).
Sensitivity analysis on synchronization frequency. To further
understand how the synchronization interval Δ𝑡 affects final accu-
racy and how UniTG handles potential feature staleness, we conduct
a sensitivity analysis by varying Δ𝑡 with fixed values and compar-
ing against our adaptive schedule. We train RevGAT on ogbn-arxiv
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Figure 14: The convergence curve comparisons of UniTG and
TAPE on different models and datasets on one type-B server.

Sync. Interval Δ𝑡 ogbn-products ogbn-arxiv

Total Time(s) Test Acc.(%) Total Time(s) Test Acc.(%)
0.3𝐽 (infrequent) 563.79 68.14 3908.54 65.34
0.1𝐽 572.09 75.07 3935.88 68.23
0.02𝐽 (very frequent) 633.77 75.48 4185.38 71.20
Ori (Sync at each step) 684.02 79.04 4304.86 73.08
Adaptive (UniTG) 621.83 78.90 4099.88 72.86

Table 9: Sensitivity analysis on synchronization interval Δ𝑡
with RevGAT. 𝐽 is the total GNN training epochs.

Exit Strategy ogbn-arxiv pubmed

Time(s) Acc.(%) Time(s) Acc.(%)

Centrality-guided (ours) 854.62 72.36 133.38 95.16
Random Exit 855.10 69.45 133.94 94.10
Full-depth (no exit) 3206.49 72.41 557.58 95.21

Table 10: Ablation of early-exit strategy with RevGAT. Ran-
dom assignment randomly places nodes into exit groups.

and pubmed, and report the final test accuracy in Table 9. Infre-
quent synchronization (0.3𝐽 ) minimizes wall-clock time (563.8 s and
3908.5 s) but incurs substantial accuracy loss (68.1% and 65.3%) due
to prolonged feature staleness. Per-step synchronization achieves
the highest accuracy (79.0% and 73.1%) yet requires the longest
training time (684.0 s and 4304.9 s). The adaptive schedule matches
per-step accuracy to within 0.2% while reducing training time by
9.1% and 4.8%, respectively. It defers frequent synchronization until
the EMA loss tracker confirms embedding quality, then progres-
sively increases the rate. This validates that early-stage staleness is
benign while late-stage precision is critical (§4.3).
Centrality-guided vs. random early exiting. To validate that
node centrality provides a meaningful signal for the Lazy Tuner, we
compare our centrality-guided group assignment against random
assignment, where nodes are randomly placed into exit groups
regardless of their graph topology. Table 10 shows the results with
RevGAT. Both exit strategies achieve similar time savings over
full-depth encoding, since both reduce the average number of LM
layers traversed. However, centrality-guided assignment preserves
higher downstream GNN accuracy, confirming that the topological

Figure 15: Visualization of GPU utilization via DCGM on
(a) RevGCN and (b) RevGAT. Several iterations of the first
pipeline stage are presented.

signal (node centrality) meaningfully determines which nodes can
tolerate shallow encoding: low-centrality nodes participate less in
GNN message passing, so their slightly less refined embeddings
have minimal impact on the final model quality.
Convergence analysis.We then intuitively analyze why collabora-
tive learning provides stable convergence to the whole system. The
Modality Collaborator delivers embeddings from a progressively
fine-tuned LM whose loss decreases as training progresses (Fig-
ure 13(b)), producing increasingly refined embeddings over time.
The adaptive Δ𝑡 schedule ensures that synchronization frequency
increases only when the EMA tracker confirms the embeddings are
benefiting GNN training, preventing disruption from noisy early-
stage features. As a result, the GNN receives monotonically improv-
ing input features throughout training. Combined with the standard
convergence properties of SGD on the GNN loss, this yields stable
training behavior. The convergence curves in Figure 14 empirically
confirm this analysis across all evaluated models and datasets.

5.4 Effect of Streamlined Pipeline Schedule
GPU utilization of Bubble Interleaver. We explore the effects
of this module on one type-B GPU server. For better illustration of
the impact of Bubble Squeezer, we interleave the LM tuning in data
parallelism into the GNN training in FP containing 4 pipeline stages,
which is implemented based on PyTorch [55]. To better measure the
precise GPU utilization, we employ NVIDIA DCGM [2] to record SM
Activity as the utilization metric. We capture the utilization traces
on one GPU for 40 seconds with and without Bubble Interleaver on
two models in Figure 15. Two traces are collected separately and
we align them manually according to the time axis.

Taking Figure 15(a) as an example, for the GNN training only
with FP (blue), since the only active kernel in the bubble is the
NCCL kernel for communication, we observe the extremely poor
SM activity of about 7% during the bubble. On the contrary, UniTG
inserts each DP process of the LM phase into the bubbles. Hence,
it utilizes the spare SMs, accomplishing a higher SM utilization at

3283



Figure 16: GPUutilization on the second and third stagewhen
training RevGCN in FP.

about 40%. In Figure 15(b), the SM activity is increased to around 45%
in bubbles as well. Moreover, in both figures, the bubble-interleaved
curve matches well at the computation intervals (where SM activity
> 80%) and bubble intervals, with no evident delay compared to the
GNN FP curve. This validates that Bubble Interleaver can greatly
improve hardware utilization with negligible interference on the
original GNN task. We also test the throughput influence of directly
collocating two phases and find it causes unacceptable interference
(about 40% slowdown for both models).

To prove that each LM DP process is correctly interleaved and
executed, we also investigate the GPU utilization on other GPUs,
namely other pipeline stages of GNN FP. As shown in Figure 16, the
taller spike at almost 100% SM activity stands for the forward pass
and the backward pass reaches nearly 80% SM activity. For stage 1
in Figure 16(a), a long bubble occurs right after the forward pass
and a short bubble after the backward pass. We can observe the
LM DP process on this GPU executes exactly in these two bubble
intervals, raising the SM activity to about 40%, and meanwhile
not affecting the GNN FP process. The same phenomenon can
be seen in the overlapped curves on stage 2. Both validate UniTG
can utilize the idle resources timely and accurately. In summary,
UniTG successfully achieves much higher GPU utilization during
bubble time, and substantially improves training efficiency in a
time-sharing way owing to the superior capability of exploiting
intermittent GPU resources.

6 RELATEDWORK
LanguageModel for Graph Learning. LM4Graph has recently at-
tracted increasing attention in graph representation learning, partic-
ularly for node classification on text-attributed graphs (TAGs) [82].
As illustrated in Figure 2(a), existing LM4Graph approaches gener-
ally follow a two-phase paradigm: an LM phase, which leverages
pre-trained language models to encode textual node attributes into
embeddings, and a GNN phase, which performs message passing
over the graph structure using the generated node representations.

According to how the two phases are organized, prior work can
be broadly categorized into three groups. The first line of work
adopts a cascaded architecture, where the LM and GNN are trained
sequentially. Representative methods such as [11, 15, 28, 32, 57,
65, 74, 81, 88] first employ a pre-trained LM to encode node texts
and store the resulting embeddings as checkpoints. These fixed
embeddings are then used as inputs for a downstream GNN train-
ing process. While straightforward, this design fully decouples the
LM and GNN, preventing mutual adaptation during training. The

second category of methods alternates between the LM and GNN
phases, allowing the output of one phase to enhance the other.
Works such as [72, 77, 84] iteratively update the LM and GNN, en-
abling limited cross-phase interaction. Although this alternating
strategy improves representation quality compared to purely cas-
caded designs, the two phases remain trained in a one-at-a-time
manner, leading to frequent phase switching and increased system
overhead. Finally, several approaches [14, 73, 76, 80] rely solely on
language models to learn node representations and make predic-
tions, without explicitly incorporating graph neural networks. As
these methods do not perform structural message passing, they fall
outside the scope of this work.
Pipeline Parallelism Methods. Pipeline parallelism has been
extensively studied as an effective technique to improve GPU utiliza-
tion inmodel-parallel distributed training. GPipe [33] and PipeDream
[52] are among the first works to introduce pipelined execution
for deep neural networks. GPipe partitions a mini-batch into multi-
ple micro-batches and executes them in a pipelined fashion across
model stages, thereby overlapping computation and communica-
tion. PipeDream further improves pipeline efficiency by allowing
asynchronous weight updates and reducing pipeline stalls.

Subsequent studies have proposed more advanced pipeline par-
allelism techniques to tackle practical system challenges, includ-
ing reducing pipeline bubbles [43, 52, 61], lowering memory con-
sumption [53], and improving overall system efficiency [17]. These
approaches have demonstrated strong scalability for large non-
GNN models, particularly Transformers, where training samples
within a mini-batch are largely independent. In addition, several
recent works have explored pipeline-based execution for GNN
workloads [19, 46, 67], aiming to adapt pipelining techniques to
graph-structured computation.

7 CONCLUSION
Thiswork presents UniTG, an algorithm–system co-optimized frame-
work tailored for LM4Graph, a state-of-the-art LM-based graph
learning method. The primary goal of UniTG is to minimize the
makespan of LM4Graph training, while simultaneously improving
resource utilization, reducing energy cost, and preserving model
quality. To this end, UniTG incorporates three specialized modules
that exploit the unique properties of LM4Graph and jointly deliver
high performance. Evaluations show UniTG can boost training by
up to 17.3× while achieving comparable final accuracy.
Limitations and FutureWork. The current design of UniTG is op-
timized for moderate-size LMs (up to∼560M parameters), which are
sufficient for TAG tasks as shown in Table 1. When scaling to very
large LMs (e.g., billions of parameters), the Bubble Interleaver may
become ineffective because the per-step LM computation time can
exceed the GNN pipeline bubble duration, saturating the available
idle resources. Potential mitigations such as LM-side model paral-
lelism across bubble slots or activation offloading are promising
directions for future work.
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