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Abstract

Large Language Models (LLMs) are usually trained with
3D (data, tensor, and pipeline) parallelism—in shared GPU
clusters where the available resources are highly dynamic.
Rescheduling the idle resources to ongoing jobs can help
improve cluster utilization, but doing so for 3D-parallelized
training jobs suffers large overheads in performance model-
ing, decision making, and redeployment. We present Suika,
a cluster training system that supports efficient and high-
quality resource rescheduling for 3D-parallelized LLM train-
ing jobs. Suika holistically addresses the complexity chal-
lenges by exploiting the incremental nature of rescheduling.
For performance modeling, it builds an accurate performance
estimator with non-disruptive online profiling. For decision-
making, it employs topology-aware sorting and an expand-
and-balance algorithm to reduce the complexity of resource
allocation and job parallelization, without compromising
decision quality. Suika further integrates a device-to-device
redeployment method to leverage the overlapping nature of
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incremental reconfiguration for overhead reduction. Experi-
ments on 64-GPU physical cluster and 1024-GPU simulated
cluster show that, Suika achieves 1.29 ~ 1.31X reduction in
average JCT compared to state-of-the-art schedulers.

CCS Concepts: -+ Computer systems organization —
Cloud computing; - Computing methodologies — Ma-
chine learning.
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1 Introduction

Large Language Models (LLMs) [3, 54, 61-63], which com-
prise tens of Transformer-based neural network layers, have
been widely adopted in modern society as a pioneering Al
technique [66]. Due to the compute- and memory-intensive
nature of LLM training, LLM training jobs are typically con-
ducted in shared GPU clusters [19], with each job parallelized
over multiple GPUs. Data Parallel (DP) [8, 34], Pipeline Par-
allel (PP) [21, 44] and Tensor Parallel (TP) [45, 57] are the
most representative parallelization paradigms, often adopted
jointly under a 3D-parallelized deployment plan [56, 57, 70].


https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3767295.3803623
https://doi.org/10.1145/3767295.3803623

EUROSYS ’26, April 27-30, 2026, Edinburgh, Scotland Uk

Although additional GPU resources may become available at
arbitrary moments in a shared GPU cluster, a 3D-parallelized
job, once deployed, nonetheless cannot flexibly scale out to
exploit these temporarily idle GPUs in practice. This results
in resource wastage and prolonged job completion time.

Therefore, we aim to enable practical resource reschedul-
ing for 3D-parallelized LLM training jobs. Upon the release
of GPUs from a completed job, the resources should be re-
allocated to ongoing jobs that yield the highest marginal
performance improvement. Given the high degree of dynam-
icity in shared clusters, such rescheduling must be performed
with minimal overhead.

However, achieving efficient and high-quality resource
rescheduling is challenging for 3D-parallelized jobs. In essence,
resource rescheduling has three key steps: (1) build perfor-
mance models for each job to predict the throughput under
arbitrary 3D-parallelization plans, (2) decide the optimal al-
location of the idle resources among the ongoing jobs with
their parallelization plans accordingly adapted, and (3) re-
deploy the affected jobs to switch to the new parallelization
plans. Each step incurs large overheads: for performance
modeling, existing methods [64, 79, 81] require a series of
disruptive profiling runs; for decision-making, both resource
allocation and parallelization plan have an exponential solu-
tion space, which existing methods [25, 53, 79] fail to prune
without quality degradation; for redeployment, the standard
checkpoint-resume method [38] incurs large communication
overhead and initialization latency. A practical rescheduling
system must attain time-efficiency in all these aspects while
maintaining high decision quality.

To that end, our insight is that job rescheduling—where
the candidate jobs to receive additional resources are already
running—can be conducted in an incremental manner. The
benefits are three-fold. First, the job’s current training pro-
cess is a costless angle for bootstrapping performance model:
by analyzing rich information of the job’s current execu-
tion status, it is possible to extrapolate its performance with
unseen parallelization plans. Second, the current training
process presents an effective shortcut for making rescheduling
decisions: the optimal parallelization plan to a few additional
GPUs is usually similar with the original one, which is help-
ful to prune the solution space. Third, the current training
process also provides a reusable starting-point for mitigating
redeployment overheads: when redeploying a job over ex-
panded resources, it is likely that the intermediate training
states on a previously-adopted GPU can be reused.

In this paper, we propose Suika, a holistic system that sup-

ports efficient and high-quality rescheduling for 3D-parallelized

LLM training jobs. Suika comprises three modules: SuikaA-
gent—conducting non-disruptive performance modeling and
parallelization planning for one job, SuikaSched—promptly
allocating cluster resources among competing jobs for the
best overall performance, and SuikaEngine—enforcing fast
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redeployment with minimum delay in the critical path. We
next respectively elaborate the innovations in each module.

First, in SuikaAgent, we adopt full-spectrum profiling to
model the throughput of a 3D-parallelized job without inter-
ruptive profiling runs. We unify existing performance mod-
els [64, 79, 81] under a common dependency graph, which
reveals that the number of unknown coefficients is less than
the number of observable performance aspects—a perspec-
tive existing methods ignored. That is, we can model the
performance of a 3D-parallelized job by merely profiling its
runtime execution status—in one shot but from multiple as-
pects, instead of in multi-shots (with multiple trial runs) but
each time from a single aspect. Evaluation reveals that Suika,
with zero extra profiling overhead, successfully achieves
similar accuracy as disruptive methods.

Meanwhile, in SuikaSched, we devise multiple techniques
to make efficient and high-quality scheduling decisions. When
making rescheduling decisions there are two key complexity
challenges: (1) what GPU subset to allocate for each job, and
(2) what parallelization plan to use for a job when a GPU
subset is added—both with an exponential solving complex-
ity. To reduce the allocation complexity, for each job we
enforce a rigid GPU provisioning order based on the topol-
ogy affinity; to reduce the parallelization complexity, we
derive new parallelization plans in an expand-and-balance
manner with scalable dynamic programming. Moreover, for
inter-job scheduling, we propose to conduct multi-round
allocation with controlled expansion aggressiveness, so as to
maximize the overall resource rescheduling effect without
hurting future-arrival jobs.

Additionally, in SuikaEngine, we fully exploit the incre-
mental nature for lightweight redeployment. To reduce the
redeployment latency, we overlap runtime initialization with
the original training process and enable device-to-device
transfer to avoid remote checkpointing. Apart from these
basic techniques (shared by some recent works [31, 67, 72]),
SuikaEngine also makes special customizations to further
enhance the redeployment efficiency. For a common case
where a model layer is hosted on the same GPU as before,
we adopt the CUDA IPC (inter-process communication) tech-
nique [49] to bypass GPU-CPU transmission; To handle extra
memory overhead with in-GPU migration, we adopt chunked
transfer to avoid OOM (out-of-memory) failure during IPC.
With these optimizations combined, Suika attains 7X faster
redeployment over naive checkpoint-resume method.

We have implemented our Suika system in around 9K
LoC, and have conducted both testbed and simulation exper-
iments to evaluate its performance superiority. In a 64-GPU
physical cluster training diverse LLM models, Suika can im-
prove the cluster utilization by 59.5%, with an average JCT
reduction of 1.67X. Meanwhile, compared with state-of-the-
art elastic schedulers like Sia [25] and Rubick [79], Suika
achieves a JCT improvement of over 1.29xX—with its fast-yet-
high-quality rescheduling and lightweight redeployment.
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Figure 1. A typical 3D-parallelized deployment of a 10-layer
LLM over 8 GPUs, following the PP-DP-TP hierarchy.

We also checked the effectiveness and robustness of each
Suika module in diverse setups, and our simulation further
confirms that Suika scales well to large clusters with over
one thousand GPUs.

2 Background and Motivation

2.1 3D-parallelized LLM Training in Shared Clusters

LLM basics. Large Language Models (LLMs) have sub-
stantially revolutionized diverse fields such as text process-
ing [1, 13, 78], code generation [7, 37, 47] and embodied
Al [40, 59, 60]. LLMs employ a Transformer-based archi-
tecture consisting of dozens to hundreds of identical lay-
ers [66]. A prerequisite for applying LLMs is the training of
powerful models with large-scale datasets (including both
pre-training [10, 77] and fine-tuning [9, 17, 75]); such LLM
training jobs have become popular Al workloads in produc-
tion GPU clusters [19].

3D-parallelism in LLM training. Due to massive param-
eter size and training data volume, as depicted in Fig. 1, an
LLM is often parallelized across multiple GPUs using data,
tensor, and pipeline parallelism [19, 45, 56, 57, 70]. Data par-
allelism (DP) [8, 34] replicates model parameters on parallel
devices, each processing disjoint data subsets and synchroniz-
ing gradients before updates. Tensor parallelism (TP) [45, 57]
partitions intra-operator computation across devices, reduc-
ing per-device memory usage but incurring high commu-
nication overhead. Pipeline parallelism (PP) [21, 44] splits
the model into multiple stages and processes data in micro-
batches, with relatively low communication overhead.

Effective composition of these techniques (termed 3D-
parallelism) is the key to LLM training performance. Popu-
lar systems such as Megatron-LM [45] and DeepSpeed [56]
allow users to manually design uniformly-partitioned 3D-
parallelization plans over symmetric resources. Subsequently,
more advanced algorithms like Alpa [81] and Metis [64] have
been proposed to automatically generate competitive 3D-
parallelization plans for general scenarios even with hetero-
geneous resources, typically following a PP-DP-TP hierarchy
shown in Fig. 1.
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Figure 2. CDFs of time intervals between two consecutive
job events (down-sampled to emulate different cluster scales).

Resource rescheduling demand in shared clusters. Due
to the high infrastructure cost, LLM training jobs from dif-
ferent tenants often share a GPU cluster [18, 26]. In such
shared clusters, jobs may arrive and complete at arbitrary
moments (which we call job events), rendering the available
resources highly dynamic. To elaborate, Fig. 2 depicts the
interval distribution between two consecutive job events in
two public cluster traces (dlown-sampled to different scales)—
Philly [26] from Microsoft, and Helios [18] from SenseTime.
Fig. 2 reveals that job events are increasingly common in
larger clusters: for example, for a cluster with 1024 GPUs,
70% of such intervals are shorter than 60s. In that sense, it is
highly likely that, after an LLM training job starts, additional
GPU resources may become available to it.

To harvest such temporally available GPUs to accelerate
ongoing 3D-parallel jobs, we need to make timely resource
rescheduling, which involves allocating newly-released GPUs
to the most suitable job and also adapting its parallelization
plans. In particular, to make such rescheduling truly benefi-
cial to the end-to-end job performance, it must be conducted
(1) time-efficiently—so that the overall rescheduling overhead
is low despite the frequent resource fluctuations, and (2) also
with high quality—so that the training speedup under the
new 3D-parallel plan is salient.

2.2 Challenges for Rescheduling 3D-parallelized Jobs

With rescheduling enabled, when new GPU resources are
released, the scheduler must determine (1) which running
jobs to allocate these resources and (2) how to adjust their
parallelization plans for the best performance.

Formally, let R® denote the newly released GPU resources
and J the set of running jobs, where each J € J has a
current allocation R? and receives R C R® additional re-
sources. For each job J and allocation Ry, let £ (J, Ry) be the
set of valid parallelization plans; let T(P;) be the throughput
for Py € P(J,Ry), and T(J, Ry) be the throughput with opti-
mal parallelization plan under allocation R;. Since absolute
throughputs across jobs are not comparable, we measure the
the normalized improvement Ty, and weight! each job

ISuch a weighted form of Tyopm is reasonable because, from the resource
utilization perspective, we shall not prefer “accelerating 10 single-GPU jobs
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by the size of current allocation ||R3|| (i.e., GPU count; or
sum of TFLOPs if multiple GPU types co-exist). The resulting
optimization problem is

max > RG] - Toorm (J. R, RD), &)
(Riljey  jeg
st |_| RS C RA?
JeT
where T(J,R;)= max T(Pj),
J PreP(J.Ry) 7
T 0 S
Tnorm (]s R}ast) = w
T(.RS)

Solving the problem takes three steps: (1) Prior to decision-
making, thoroughly profile the training job to establish es-
timation of T(Py) for all possible P;. (2) During decision-
making, enumerate vast partitions of R* to R}S, respectively
find the optimal plan for each J, and estimate the overall
efficiency. (3) After decision-making, checkpoint-resume the
selected jobs to switch to new configurations. However, this
naive method incurs impractical overheads in all three steps.

Challenge I: Disruptive profiling procedures. Informed
scheduling requires accurate estimation of T(Py), but ex-
haustively profiling every plan in the combinatorial space
P(J,Ry) is infeasible. Prior works instead use analytical
performance models calibrated with profiling data. Solvers
like Alpa [81] and Metis [64] profile per-layer latencies un-
der various parallelization strategies. Rubick [79], an elastic
scheduler that also models 3D-parallelism, builds a fully-
parametric model that requires fitting job-specific coeffi-
cients with the execution data from multiple trial runs.

A key drawback is that complex profiling procedure must
be carried before training commences, which burdens users,
consumes valuable cluster resources, and delays job execu-
tion, rendering it disruptive and undesirable. For example,
Metis reports 12.5 to 18.9 minutes of profiling overhead for
4 ~ 64-GPU job, and Rubick requires 7 profiling runs across
different configurations for each job.

Challenge II: High decision-making complexity. Prob-
lem 1 contains two max operators respectively at intra- and
inter-job level, both bringing substantial solution complexity.
First, at the intra-job level (i.e., for maxp,ep (s r,) T(Py)),
the scheduler must search for the optimal parallelization
plan after a job receives additional resources. This by default
requires exploring a number of candidate plans that grows
exponentially with GPU count. Even after pruning, state-of-
the-art solvers’ searching overheads remain prohibitive for
online decision-making: on a 64-GPU setup, both Alpa [81]
and Metis [64] require over 600s to generate a single plan.

by 10%” over “accelerating 1 ten-GPU job by 10%”. This way, we can depict
the true utility-per-TFLOP of the additional resources.
2| | denotes non-intersect union.

2005

Yuxuan Wang et al.

i Inpuf Data i

i Input Data j\

ol o | Mol |1
| %
) Wl !
I il |
vl ¥ '
e | | m—— | '
E — DP=2————— - | —————DP=2—————
# .%. 2 GPUs in Node 2 - :
7V\Ioidéé 777777777777777777 1 Nade2 | ‘
(] vl i 1 I | 11
W u W W \ W
\ v v i
! M ' v i v
1¥1 IV . (1% v l v
ey | [ | |
,,,,,,,,,,, DP=2 ———————>| ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,J

Figure 3. For an LLM spanning over 2 nodes (each with 4
GPUs in 2 DP groups), when added 2 GPUs from Node-2,
the best parallelization plan becomes asymmetric (with the
layers proportionally allocated to the two nodes).

To reduce such intra-job solution complexity, existing
elastic schedulers degrade $(J, Ry) to either 1D-Parallelism
(DP-only) [2, 23, 25, 53] or Symmetric 3D-Parallelism [79].
Schedulers in the former category assume that no TP/PP
scheme is adopted (like in Pollux [53]) or only expand DP
with the TP/PP configuration fixed (like in Sia [25]). For the
latter category, Rubick [79] is a representative scheduler. It
maintains a static resource sensitive curve that maps the
number of GPUs to its best parallelization plan, which is
obtained by enumerating all symmetric 3D-parallelism plans
(i.e., resources equally divided in each dimension).

However, both simplification methodologies compromise
the solution quality. Consider the example in Fig. 3: the job is
running with (PP = 2, DP = 2, TP = 2), where the first stage
is placed on node-1 and the second on node-2; now 2 more
GPUs from node-2 become available. In that case, an ideal
parallelization plan is to add the idle GPUs to stage-2 as a
new DP group with TP=2, which speeds up the job by 22%
(measured for a LIaMA-7B job in our GPU testbed described
in §5.1). Yet, existing studies fail to find such an asymmetric
plan due to their over-pruned $(J, Ry) solution space.

Second, at the inter-job level, the scheduler must deter-
mine a partition of R* among multiple jobs so that the overall
efficiency is maximized, which also involves exponential pos-
sibilities. Beyond the rescheduling scenario, the scheduler
needs to strike a delicate balance between optimistically
accelerating ongoing jobs and provisioning resources for fu-
ture jobs—which must not be starved and may exhibit better
scaling efficiency.

To summarize, no method so far can solve Problem 1 in an
efficient manner while guaranteeing high solution quality.

Challenge III: Non-negligible redeployment overheads.
When a reconfiguration occurs, the LLM training job needs
to be redeployed following the new parallelization plan. In
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Figure 5. Incremental re-
source expansion in 2 steps.

existing schedulers [25, 53, 79], this process requires check-
pointing the full training state to remote storage and reload-
ing it onto the assigned GPUs, which incurs substantial com-
munication overhead. For example, a prior work [38] reports
1.38 and 2.02 minutes spent on checkpoint-resume with 7B
and 13B models. As model sizes grow, these costs increase
accordingly. Meanwhile, a report [19] reveals a median job
duration of only 2 minutes in two LLM deployment clusters,
and emphasizes the recent trend towards a shorter job du-
ration distribution. To fully utilize the elastic opportunity
under frequent resource fluctuations (as depicted in Fig. 2),
the redeployment cost would no longer be negligible.

Design objective. Given the above analysis, as shown in
Fig. 4, our objective is thus to create a practical scheduling
system that can simultaneously attain high decision quality
(as near-optimal as Metis) and high efficiency (comparable
to Rubick and Sia in decision-making speed, yet with much
faster profiling and redeployment).

2.3 Insight: Exploiting the Incremental Nature

For efficiency and high quality, we find that job rescheduling
should be more effectively conducted in an incremental man-
ner (instead of conducted from scratch). Specifically, such
incremental reconfiguration presents three opportunities:

(1) Non-disruptive performance modeling via online
profiling. Atarescheduling event, candidate jobs to receive
additional resources are already running. A job’s current
execution state contains abundant information regarding
computation, communication, and GPU memory usage pat-
terns. When new resources become available, these detailed
measurements can be extrapolated to accurately predict the
performance of new parallelization plans, eliminating the
need for disruptive profiling. For the example in Fig. 3, the
computation latency per layer can be reused, and the data-
parallel synchronization time can be estimated analytically
as volume/bandwidth. In this way, we predict the end-to-end
latency of new parallelization plan with only 1.9% error.

(2) Efficient decision-making via incremental paral-
lelization. High-throughput parallelization plans share
common features—balanced computation and communica-
tion, similarity in structure, etc. When the current plan is
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Figure 6. Architecture and workflow of Suika.

well-balanced, incorporating a small set of additional re-
sources may not necessitate a global re-optimization. Instead,
we may derive new plans with incremental adjustments along
the DP, TP, and PP dimensions. For example in Fig. 3, the
new plan can be considered as adding 2 GPUs to stage2 in
DP dimension, and moving 1 layer from stagel to stage2 to
rebalance the workload. Similarly, in Fig. 5, we add 4 GPUs
in two phases, where phasel expands in PP dimension, and
phase2 expands in DP dimension; Metis [64] respectively
explores 41 and 135 plans for phase1/2 and eventually lands
the same plans as incremental adjustment, which examines
fewer than 10 candidate plans. In that sense, the current 3D-
parallelization plan can help promptly determine whether
to take the candidate resource and how to adapt the paral-
lelization plan.

(3) Fast redeployment via minimal device-to-device mi-
gration. With incremental parallelization, both the new
resource allocation and parallelization plan maintain a large
overlap with the previous ones. Consequently, most of the
model and optimizer state already reside on the correct de-
vices. This property allows redeployment to be a minimal
device-to-device transfer over the high-bandwidth training
network, instead of a checkpoint-resume of the entire state.
This method bypasses network bottleneck at remote stor-
age [71]. For the example in Fig. 3, redeployment only re-
quires transferring 1 layer from stagel to stage2 and pop-
ulating the new workers with 5 layers, reducing the data
movement to only 13% compared to checkpoint-resume.

To summarize, by exploiting the incremental nature of job
rescheduling, we can achieve lightweight yet high-quality
performance modeling, decision making, and job redeploy-
ment. In the next section, we show how such an insight can
be implemented in practice.

3 Suika Design

In this paper, we design Suika, a holistic system that supports
efficient and high-quality rescheduling of 3D-parallelized
jobs. As shown in Fig. 6, Suika has three key components:
(1) SuikaSched—which dynamically allocates GPUs among
jobs; (2) SuikaAgent—each manages the performance model
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and parallelization plan for one job; (3) SuikaEngine—the
training runtime that executes a 3D-parallelized job with
fast-redeployment support.

Fig. 6 also depicts the Suika workflow when a reschedul-
ing event occurs. Specifically, when © one job (e.g., Job-2
in Fig. 6) completes, its SuikaEngine would first signal its
SuikaAgent, which subsequently @ notifies the SuikaSched
of the GPUs released. ® In response, the SuikaSched com-
municates with the SuikaAgent of each ongoing job to find
the best resource allocation target(s) (Job-1 in Fig. 6). @ It
would notify the identified SuikaAgent on the additionally
allocated GPUs, which finally ® instructs the SuikaEngine
on the new parallelization plan to deploy.

Next, we detail the key designs of each Suika component.

3.1 Non-Disruptive Performance Modeling

Accurate performance prediction for arbitrary paralleliza-
tion plans is critical for making high-quality scheduling deci-
sions, which is a classical research problem in the literature.
Suika adopts standard modeling assumptions—including lin-
ear relationships, bandwidth constraints, and computation-
communication overlap—that have proven both generaliz-
able and effective in established systems [31, 64, 79, 81].
Building on these prior works, Suika constructs a generic
performance model that supports asymmetric and heteroge-
neous configurations via a top-down PP-DP-TP hierarchy.
Fig. 7 illustrates® the dependency graph to estimate it-
eration latency Tpp. At the top level, Tpp breaks into three
time periods: Tyarm-up for the first micro-batch; Tyieady for
remaining micro-batches; Texira for DP synchronization and
optimizer update time that cannot be fully overlapped by
computation. All these values can be calculated with Tpp_comp,
Tpp-comm» TDP-optim (i-€., the computation, synchronization,
and optimizer time of each stage); each is further decom-
posed to lower-level factors. Specifically, the root (lowest-
level) vertices in the dependency graph are free coefficients:
some—like kparam (parameter size)—are white-box coefficients
known a priori, yet some others—like koyerlap (computation-
communication overlap ratio) and kcomp (net computation
constant)—are hidden coefficients that must be acquired by
profiling. With a performance model, for a given job and its
parallelization plan, to make performance prediction is to
calculate the top-level Tpp with the lower-level factors.
Essentially, to establish the performance model is to cali-
brate hidden coefficients with profiled observations. Mathe-
matically, n free coefficients require at least n observations.
However, existing methods measure only one factor per con-
figuration—Rubick measures Tpp only: there are 7 hidden
coefficients in its model, which are then fitted with 7 end-
to-end latencies (Tpp) via regression. Alpa and Metis calcu-
late Tpp by directly profiling Tpp-comp: for each setup under

3 Suika also features a GPU memory prediction model, with an average error
of only 3%, but is not included in the figure.
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Figure 7. Dependency graph to estimate iteration time Tpp
(the derivation process is detailed in Appendix A).

Tpp-comp they launch a dedicated trial run, with all the lower-
level factors bypassed. In theory, given the relatively large
degree-of-freedom to solve, these approaches always require
disruptive profiling over multiple configurations.

Suika addresses this inefficiency with a technique we call
full-spectrum profiling—by noticing that the running status
under one configuration suffices for retrieving all the hid-
den coefficients. As shown in Fig. 7, there are 4 white-box
coefficients and 5 profile-able performance metrics (marked
by yellow shadows), and only 4 coefficients remain hidden.
By leveraging the graph dependencies, Suika is able to re-
solve all hidden coefficients (each dependency level can be
inverted into an equation, most of which are linear). Due
to the space limitation, we place the detailed mathemati-
cal formulation and steps to solve all hidden coefficients in
Appendix A. With full-spectrum profiling, Suika can accu-
rately infer all the coefficients merely from the ongoing job’s
runtime status, without the need for any offline profiling.

Evaluation reveals that Suika achieves similar or even
slightly better accuracy over disruptive methods. Beyond
accuracy, one might naturally question the stability of online
profiling. We observe that transient instability appears only
during initial warm-up; Suika delays reconfiguration until
coefficients stabilize (typically within tens of seconds), after
which the coefficients remains robust with < 2% fluctuation.

3.2 Efficient and High-quality Planning

In this part, we show how Suika exploits the incremental
nature to accomplish time-efficient yet high-quality decision-
making. Recall that in Problem. 1, there are two complexity
challenges: (1) the vast number of candidate (J, R}S) pairs

where R}S C R%; (2) the vast number of candidate paralleliza-

tion plans for each (J, R}s) pair. Suika substantially reduces
the overheads in both aspects while preserving high sched-
uling quality. Besides, it also ensures that the expansion of
ongoing jobs does not negatively affect future-arrival ones.

3.2.1 Pruning (J, R}s) Pairs with Topology Affinity
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The released resources R” can be tens to hundreds of GPUs
when a large job finishes; an ongoing job J does not neces-
sarily take all the idle resources—it may benefit most when
allocated R}S, a subset of R”; and partitioning R® over multi-
ple jobs may achieve better overall efficiency. However, the
number of subsets of R® grows exponentially with [R*|, and
respectively working out the parallelization plan for each
(J, R}s) is cost-prohibitive. Therefore, we need to first safely

reduce the number of (J, st ) pairs to explore.
With incremental reconfiguration, Suika uses the current
allocation R? as reference to select only an array of promising

subsets of R®, by enforcing a rigid resource provisioning order
based on the topology affinity. The intuition is that, higher
affinity yields higher communication bandwidth, and more
likely higher throughput and scaling efficiency. Therefore,
as shown in Fig. 8, given a set of available GPUs R%, job J
would always prefer to take closer GPUs to its current ones
(better within the same node or rack).

Specifically, given a running job J with its current re-
source allocation Rg, Suika sorts the available resources

R™ in descending order with respect to Afﬁnity(rA,R;)

max,.o oEffectiveBandWidth(rA,rO), resulting in an or-
T ER]

_ [’:A AA

~A
* TiRa|

dered list IQJA ys ... 4 The candidate re-

1
source subsets R}S are restricted to prefixes of this list les =
{flA, sz, A} ,i € [|R®|]. This heuristic reduces the expo-
nential space of resource allocations for a job to |R®| possibil-
ities, and naturally promotes locality and defragmentation.
For clarity, let P; represent the best parallelization plan for
(J, R?) with allocation R; U R?, and view P]O as Py. Next, we
explore how to efficiently calculate P; for each (J, R?) pair.

f

e Iy

3.2.2 Incremental Parallelization for Each (J, R}S) Pair

Though having reduced the number of (J, R}S) pairs to |RY|,
for each (J, R}s) pair, naively applying solver like Metis to
get the optimal parallelization plan remains cost-prohibitive.
Motivated by our analysis in §2.3, Suika seeks to tackle such
complexity by exploiting the incremental nature of reschedul-
ing. That is, when a running job is to receive additional re-
sources, Suika preserves its current parallelization skeleton
(including number of PP stages, respective TP/DP strategy
for each stage, mapping of ranks to physical GPUs), and in-
crementally expands it with new resources along the PP, DP
or TP dimensions—with a dynamic programming approach
formalized in Alg. 1.

Efficient 3D-parallelization planning in an expand-and-
balance manner. Suika adopts an expand-and-balance
strategy for atomic incremental parallelization, as described

4The context throughout §3.2.1 to §3.2.2 is always job-specific, so we omit
subscript J when it conflicts with index subscript.

5The sorting has a secondary key—(rack id, node id, GPU id)—to group new
resources with better affinity to each other together.
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Algorithm 1 Incremental Plan Solver

1: function GETBESTRSANDTHPS(J, R2)

2: // Get preferred allocations and throughputs w./ best plans
. INAY A : 05

3: r_llulR"IJ « sort R by topology affinity to R]

4 Py P]

5. fori < 1to|R%| do

6 P; « incrementalParallelize(Ppo_;_1], f[Al..i])

7 RS ':[A1,.i]’ T; « Throughput(P;)

8: T

S
returanL_lRA”, Tl ray)

9: function INCREMENTALPARALLELIZE(P[0“1-_1],f[Al l.])
Pandidate <— 0

11 for j « 1toido

12: P « 3D-Expand-and-Balance(P;_j, f[Ai—j+1..i])
13: Pcandidate < Peandidate U {P}

14: return argmax Throughput(P)

Pe ¢)czmclidale

15: function 3D-EXPAND-AND-BALANCE(Py, R)

16: Pexpand <0

17: SDexpand — Pexpand (U PP-Expand(Py, R)

18: Pexpand — Pexpand U DP-Expand(Py, R)

19: Pexpand — ¢)expand (U TP-Expand(Po, R)

20: Pexpand—balance — {Load-Balance(P)|P € Pexpand}
21: return argmax  Throughput(P)

Pe P&xpand—balance

e+ 1-Predecessor
2-Predecessor
4-Predecessor

)

—

i

o~

Throughput

N}

EElEEICERS

1.0 L RRRTh SRR SRR ST )
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#GPUs

Current GPU

Figure 9. Considering more
predecessors improves plan.

Figure 8. Resource provi-
sioning in affinity order.

in the 3D-Expand-and-Balance() function. To illustrate,
consider deriving P; with the base plan P, and additional
resources R. The PP/DP/TP-Expand() functions generate
candidate plans by (1) adding R as a new pipeline stages with
multiple TP/DP-degree attempts, (2) merging R to increase a
stage’s DP degree, and (3) merging R to vary a stage’s TP de-
gree. These local adjustments of parallelization skeleton nec-
essarily introduce workload-imbalance. Thus, a load-balance
procedure (line 20) is applied to all candidates. It solves a
weighted min-max bottleneck problem to determine the per-
stage layer number and per-DP-group local batch size to
minimize stragglers (details in Appendix B), guided by the
performance model in §3.1. After the balancing process, the
candidate plan that yields the highest throughput is selected
and returned.
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Ensuring optimality with multi-predecessor incremen-
tal parallelization. The expand-and-balance procedure
serves to atomically derive P; with fixed Py and R. Intuitively,
one can progressively get P; out of P;_; by adding one GPU
fl.A. However, this method easily falls into local optima. In con-
trast, to calculate P;, Suika considers all the possible predeces-
sors Py, ..., P;_; to enable adjustments at diverse granularities,
as depicted in the incrementalParallelize() function.
To demonstrate its necessity, we conduct an experiment
(also with our testbed in §5.1) that expands a LlaMA2-7B
job from 8 GPUs (one node) to 16 GPUs (two nodes). We
respectively set the predecessor window size to 1, 2 and
4; for example, 2 means that when calculating a 16-GPU
plan, we select the best from “adding 2 GPUs to a 14-GPU
plan” and “adding 1 GPU to a 15-GPU plan”. Fig. 9 shows
the best throughput attained during that expansion process
in each case; it reveals that the 4-predecessor method finds
better plan than 2-predecessor, meanwhile 1-predecessor
fails to find any plan to improve throughput. Such a result can
demonstrate the need to enable multi-predecessor expansion.
With the previous techniques, we obtain the full knowl-
edge on how a job’s throughput varies with its resource
allocation amount—provided that the GPUs are provisioned
following the topology-affinity order, i.e., in an inclusion
chain Rf c Rg c..c R(Z?AI = R®. Such knowledge is then

provided to the SuikaSched to make allocation decisions.

Time complexity and pruning. Let M = |R®|, N = |R?|,
and assume other constants related to model architectures
are bounded constants (collectively contribute a multiplier
around 10 in practice), then the overall time complexity is
O(M?(N + M)). This is directly applicable for N, M ~ 10?
under seconds.

A few additional pruning techniques can be applied in
extreme cases: (1) If M >> N, we may early-stop at M ~ N,
as expanding a job significantly beyond its current allocation
typically yields diminishing returns in utilization. (2) When
M is large, it is not necessary to explore all predecessors. We
may limit the window to closest W ones. (3) When N is large,
it is not necessary to adjust at single-GPU granularity. We
may group every w intra-node GPUs as the minimum unit.

Equipped with these pruning, the complexity becomes
O(NMW /w), and scalable to N, M ~ 10° with W = w = 8.
We empirically set W = 8 and w = min{[N/16], 8}, which
delivers decision latency under seconds while nearly always
matching the schedule quality of the unpruned baseline.

For a detailed complexity analysis, please see Appendix B.

3.2.3 Inter-Job Scheduling

Apart from the previous intra-job innovations, a practical
scheduler must manage multiple concurrent jobs and prepare
for future jobs. This introduces two inter-job scheduling
challenges: (1) how to partition available resources among
multiple running jobs to maximize overall throughput gain,
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and (2) how to balance accelerating running jobs against
provisioning resources for future jobs.

Algorithm 2 Inter-job Scheduling

: function SCHEDULE(Jait, Jrun, R2)
SCHEDULEWAITINGJOBSWITHPREEMPT( Fiwait, Jrun» RA)
RECLAIMSCALEOUTBELOWTHR(Jrun, R2)
while R2 % 0 do

, RS, B) « GETBESTSCALEOUT( Jrun, RA)

if B < 7(Jtun) then break

APPLYSCALEOUT(J, R%)

RA  RA \R‘S
: function GETBESTSCALEOUT(Jrun, RA)

for | € Jrun do
[1.[RA] —[1.|RY]
5] ,T]

Ji= AIEMAXje .. e |RY| B(R}, 5}-, Tg, T’])
R® « &, B—B(RY, &, T9, TL

< Op B = B&}, 0, T, T))
return (J, R‘S,B)

1
2
3
4
5:
6
7
8
9

10:

11: «— GETBESTRSANDTHPs(J, R2)
12:
13:

14:

Multi-round scale-out to partition R* with best mar-
ginal benefits. To measure the scaling efficiency across
jobs, Suika adopts a marginal benefit metric B, formally de-
fined as:

IR’ll ( Trougrs — Tro
B(R%, R%, Tgo, Tgoups) = .
( ro> Trours) IR Tpo
The B essentially characterizes M(HR?HTHOM(], RO,R]5) -
7

1

RS
for the same reason discussed in Footnotelll. :

Equipped with B, Suika allocates spare GPUs based on
marginal benefit maximization, a well-accepted strategy in
scheduling contexts [15, 50, 79] due to the scheduling prob-
lem’s NP-hardness.

Technically, given R, @ SuikaSched first collects each
job’s preferred resource allocations as well as the optimal-
throughput for each allocation with Alg. 1; the best job-
allocation pair (J, R%) with global optimal marginal benefit
B is applied (line 9 ~ 14 in Alg. 2); @ SuikaSched deducts
selected R from R® and repeats the process until no efficient
scale-out remains (line 4 ~ 8). This multi-round procedure
ensures R" is sufficiently utilized and properly distributed
to multiple jobs with best marginal benefits.

1), where the weighting terms ||R3|| and are included

Balance between scaling-out running jobs and serv-
ing future jobs. Suika adopts a two-tier resource demand
classification inspired by [33]: (1) basic demand, which cor-
responds to the minimum resources explicitly requested by
the user to launch the job (as they would in a non-elastic
setting), and (2) expansive demand, which represents any ad-
ditional resources allocated elastically to accelerate training.
To prevent elasticity from hindering new submissions, Suika
enforces a strict priority: future jobs’ basic demand always
takes precedence over existing jobs’ expansive demand (line
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Figure 10. Comparison between checkpoint-resume rede-
ployment (left) and our incremental redeployment (right).

2). When a new job arrives, @ Suika tries to provision its
basic demand; @ if infeasible, it repeatedly reclaims scale-out
with the lowest B (Suika records history of all scale-outs)
and retries; @ if still infeasible, it occasionally applies de-
fragmentation as the last resort. This ensures that new jobs’
basic demand will be satisfied under Suika, as long as it is
satisfiable without elasticity. Note that the exact policy to
schedule queuing jobs (e.g., FIFO or SJF) is decoupled from
Suika, and exposed as a flexible APIL

Moreover, for future jobs’ expansive demand — to transfer
expanded resources from current jobs to future jobs with
higher efficiency — Suika adopts an at-least-as-good-as prin-
ciple: all scale-outs must have B over a threshold of 7 = UAr,
where U depicts the cluster-wide resource intensity (i.e., di-
viding the sum of all ongoing jobs’ basic demands by the total
cluster resources), and A, is knob controlling the expansion
aggressiveness. With this threshold, all scale-outs are suf-
ficiently efficient and frequent allocation-and-reclamation
oscillations are avoided. Further, when cluster load rises,
scale-outs below 7 will be reclaimed and release their ex-
panded resources into rescheduling pool (line 3).

Finally, to minimize disruption, Suika employs batch re-
configuration: it simulates multiple incremental decisions in
a virtual environment, merges the intermediate steps, and
applies only the final consolidated plan to the cluster, thereby
eliminating the overhead of multi-iteration reconfigurations.

3.3 Redeployment Optimization

Upon arescheduling decision, the selected jobs must promptly
switch to the new parallelization plan, which requires in-
terruptive job redeployment. The redeployment overhead
consists of two parts: (1) initialization of environment on
new workers, including CUDA context, NCCL communi-
cator setup, etc., and (2) migration of training state to new
workers, including model parameters and optimizer states.
For initialization, a classic technique is to hide (overlap) ini-
tialization with the training; training is interrupted only after
initialization completes [31, 72, 74]. For migration, noticing
the inefficiency of naively checkpointing the full state to re-
mote storage, a recent work, Tenplex [67], provides a device-
to-device migration mechanism to minimize data movement.
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Suika integrates these techniques, applying both initializa-
tion overlapping and device-to-device migration.

Taking a step further, Suika exploits an unique property of
incremental rescheduling: parallelization plans across recon-
figuration are highly similar, meaning most states already
reside on their target GPUs (referred to as local state). How-
ever, as designed for generic scenarios, Tenplex adopts a
CPU-centric storage, which incurs GPU-CPU transfer and
CPU-side serialization overhead even for local state. Instead,
Suika specializes intra-GPU transfer with CUDA IPC (inter-
process communication) to copy local state directly on target
GPU, bypassing offloading and serialization. This reduces
local state migration time by an order of magnitude, to only
seconds with 20 GB data.

Moreover, performing migration entirely on GPU leads to
extra memory overhead, risking Out-Of-Memory. To address
that, Suika manages the life-cycle of state tensors with ex-
treme caution, and adopts chunked transfer: the state is sent
via CUDA IPC in chunks, and the previous worker releases
a chunk as soon as new worker receives and clones it. As
summarized in Fig. 10, Suika combines initialization overlap,
device-to-device migration, and CUDA-IPC to speedup the
redeployment, and chunked transfer to avoid OOM.

4 Implementation

We have implemented Suika from scratch with a total of
9k LoC: 4k Python code for SuikaSched, 1k C++ code for
SuikaAgent, and 4k Python code for SuikaEngine.

Specifically, in SuikaSched we implement all the core sched-
uling functionalities such as resource tracking, scheduling
policies and job status monitoring. The SuikaAgent encapsu-
lates the core Incremental Plan Solver algorithm (Alg. 1) and
the performance model. For better scalability and low latency,
the algorithm is implemented in C++ and exposed to Python
with pybind11 [51], pinning each SuikaAgent to a CPU core.
The SuikaEngine is central for enabling adaptive paralleliza-
tion plan execution. It supports asymmetric 3D-parallelism
by automatically slicing user models along DP and TP di-
mensions and orchestrating the PP data flow. The engine is
built on top of basic PyTorch [52] functionalities, and is com-
patible with HuggingFace [22] LLM models. Meanwhile, to
enable online performance modeling, SuikaEngine conducts
user-transparent full-spectrum profiling by inserting CUDA
events [48] for high-resolution timing without introducing
additional synchronization overhead; it also implements the
redeployment optimization techniques described in §3.3.

While we implemented Suika from scratch to maximize
flexibility during the exploration, its design is inherently
modular, with the scheduler logic decoupled from the train-
ing framework. This allows our runtime engine to be replaced
with industry-standard frameworks [56, 57] with appropriate
and manageable modifications.
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Type Model PP-DP-TP Type Model PP-DP-TP
GPT2-350M 1-1-1 GPT2-39B 2-4-4
GPT2-1.3B/2.6B 1-4-1 LLaMA-30B 2-4-4
Qwen2-0.5B 1-1-1 GPT2-76B 2-4-8
Qwen2-1.5B 1-4-1 XL LLaMA-65B 2-4-8
GPT2-6.7B 1-4-2 Qwen2-72B 2-4-8
M LLaMAZ2-7B 1-4-2 LLaMAZ2-70B 3-8-8
Qwen2-7B 1-4-2 GPT2-175B 4-8-8
GPT2-15B 1-4-4
(Simulation Only)
LLaMAZ2-13B 1-4-4

Table 1. LLMs (with default 3D plans) for our experiments.

5 Evaluation

5.1 Experiment Setup

Hardware platform. We conduct testbed evaluations atop
a 64-GPU Cluster (Cluster-A) consisting of 8 nodes, where
each node has 128 CPU cores, 1 TB CPU RAM and 8 NVIDIA
H100 GPUs (interconnected with 900 GB/s NVLink). For
remote connection, each node has 8 InfiniBand NDR NICs
(400 Gbps each), plus 1 InfiniBand NDR NIC dedicated for
storage 1/O; all nodes are connected under a single rack
with multi-rail leaf-spine topology. Additionally, to evaluate
Suika performance at a larger scale, we simulate another
cluster (Cluster-B) comprising 128 nodes and 1024 GPUs—
replicating the per-node configuration of Cluster-A but dis-
tributed across multiple racks.

Workloads. As listed in Table 1, we choose three rep-
resentative model families®: GPT [3, 54], Qwen [61] and
LLaMA [62, 63], each with multiple model volumes—from
350M to 15B in testbed experiments (no larger due to our
relatively limited cluster scale), and further to 175B in simu-
lations (with XL type included). For each model specification,
the initial plan is tuned to optimal under a fixed number of
GPUs and symmetric 3D-parallelism. Following the Rubick
work [79], we select the busiest 8-hour period in the Mi-
crosoft Philly trace [26] (busier periods are more challenging
for Suika to attain good performance), and down-sample jobs
proportional to cluster size. For each job entry in the trace
file, we randomly map it to a LLM training job in Table 1,
with a selection ratio of S : M : L = 3 : 1 : 1; for that job
we preserve its submission time and scale training iterations
by a global factor so that total GPU-time consumption is
identical with that of the traced one.

Baselines. In our evaluation, we set (1) the non-elastic
scheduler First-In-First-Out as a basic baseline. Besides, we
set (2) Sia [25], (3) Rubick [79] and (4) Metis [64] as three

®While newer models [11, 12, 14, 76] keep emerging rapidly, the models we
select suffice for verifying Suika effectiveness: such selected models and the
newer-generation ones are all composed of a series of identical Transformer-
based layers, thus sharing the same 3D-parallel training characteristics.
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Figure 11. End-to-end performance with Cluster-A.

additional baselines’, all introduced in §2. Moreover, for
ablation study we also evaluate (5) Suika-DP, a customized
version of Suika with 3D parallelization degraded to 1D.

Hyper-parameters. For the hyper-parameters in those
baseline methods, we in general follow the suggested setup
in their original papers or open artifacts. Specifically, for
Metis, the min_group_scale_variance is set to 0.5, and the
max_permute_len hyperparameter is set to 4; besides, we
also set a searching time-budget of 60s, beyond which the
searching results are not considered. For Sia, the fairness
knob pairness 1s set to -0.5, the waiting job penalty 4, is set to
1.1, and the scheduling interval is set to 60s. For Rubick, the
reconfiguration penalty threshold is set as kreconfig = 0.97,
and the queueing penalty threshold is set as kqueue = 200s.
For Suika, we set the expansion aggressiveness knob A, to
1.0, and the base queueing policy to First-In-First-Out, same
as default non-elastic scheduler.

Metrics. We compare Suika against baselines with three
metrics: (1) average Job Completion Time (JCT); (2) average
Weighted Job Completion Time (W.JCT), where a job’s basic
GPU demand is used as the weight for calculating average
JCT (consistent with the objective form shown in Eq. 1); (3)
Cluster Utilization, which is the average ratio of allocated
GPUs over the entire experiment period (i.e., total GPU-time
divided by makespan).

5.2 End-to-end Performance

Fig. 11 shows the end-to-end performance of Suika against
the other baselines. When compared with the default non-
elastic scheduler, Suika can reduce average JCT and W.JCT by
1.67x and 1.47X, respectively; regarding cluster utilization, it
makes an improvement of 59.5%. Such results confirm that it
is highly rewarding to enable runtime resource rescheduling

"For Metis/Sia/Rubick, we offline profile sufficient data to bootstrap their
performance model. We set jobs as strong-scaling for Sia, and disable
ZeRO for Rubick, as those two dimensions are orthogonal to Suika (dis-
cussed in Sec. 7). Metis is relatively fast and of high-quality among 3D-
parallelism solvers [39, 64, 65, 81]; we choose it as the representative
and integrate it with the high-level scheduling logic of Suika (replacing
incrementalParallelize() function with Metis, solving for each (J, R}s)

in parallel under a time budget.).
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in shared clusters (with global batch size preserved, this does
not affect the model accuracy, as confirmed in [5, 79]).

We next compare Suika with state-of-the-art elastic sched-
ulers. When compared to Sia and Rubick, Suika reduces the
average JCT by 1.29% and 1.31X, respectively; for average
W.JCT, Suika achieves even greater improvements of 1.37x
and 1.34%. Notably, although Sia and Rubick achieve high
utilization similar to Suika, this does not translate to high
efficiency with their suboptimal parallelization plans. Com-
paring to Metis, Suika delivers 1.36X, 1.39X improvement in
JCT and WJCT (Metis has much lower utilization because
it may fail to yield effective parallelization plans to expand
large jobs within the time budget). In general, Suika outper-
forms these schedulers because of its capability® to make
fast-yet-high-quality reschedule decisions and light-weight
redeployments.

For ablation study, Fig. 11 further shows that, relative to
the Suika-DP variant, Suika gains 1.18%, 1.19X improvement
in JCT and W.JCT, confirming the benefits of leveraging the
full 3D solution space. Notably, Suika-DP alone attains 1.09%
JCT reduction over Sia, attributed to faster redeployment
with incremental configuration.

5.3 Microscopic Performance Deep Dive

In this part, we respectively inspect the superiority of Suika
in profiling, decision-making and redeployment.

Performance modeling superiority. We compare Suika
against two existing 3D modeling methods, Rubick and Metis,

8Note that for Rubick and Metis, we do not count the disruptive offline
profiling overheads in JCT (further described in §5.3)—counting them would
only amplify Suika’s advantage.
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Figure 14. Comparisons on redeployment cost.

with respect to profiling overhead and prediction accuracy.
As in Fig. 12a, Suika incurs no extra overhead with non-
disruptive full-spectrum profiling; in contrast, Rubick spends
6 minutes bootstrapping each job’s performance model as
over multiple configurations and Metis incurs an average of
10 minutes overhead per job.

For prediction accuracy, we evaluate each method on the
set of plans it selected during end-to-end experiment, ensur-
ing that the plans lie within the method’s intended domain.
As in Fig. 12b, Suika attains even better prediction accuracy
(8.84% average error) over Rubick (11.79%) and Metis (9.36%).
We observe that Suika’s prediction error stems primarily
from variations in GPU utilization between profiled and pre-
dicted plans, whereas factors such as model size or specific
parallelization strategies exhibit minor impact. Such errors
are usually negligible for filtering effective plans. To justify
this, we replay the trace simulation with injected Gaussian
error ~ N(p = 0,0 = €); the average JCT increases by only
2% and 6% for € = 10% and 20%, respectively. This resilience
stems from the substantial throughput gaps between opti-
mal and suboptimal plans, which mask moderate prediction
inaccuracies.

Decision quality superiority. We conduct a microscopic
measurement to verify the parallelization plan quality of
Suika. Specifically, for a LlaMA2-13B job, we incrementally
increase its GPU allocation from 16 to 64, and compare the
parallelization plans derived under different methods: Suika,
Metis, Rubick, and DP-only (shared by Sia and Suika-DP). As
shown in Fig. 13a, Suika consistently identifies plans compa-
rable to Metis, both substantially outperforming the DP-only
(Sia) and the symmetric-3D (Rubick) baselines. Moreover,
Metis fails to produce solutions beyond 40 GPUs due to solver
timeouts, while Suika continues to scale effectively. When
provided with unlimited search time, Metis offers only a mar-
ginal throughput gain (2%-6% for 40-64 GPUs) over Suika,
but at the cost of significant search latencies (> 5 min vs.
< 1s).

Moreover, recall that in Suika we adopt a principle of
basic-allocation-first to prevent the expansion of ongoing
jobs from delaying future-arriving ones (§3.2.3). To confirm
the benefit of such principle, we set the non-elastic scheduler
as the performance baseline, and calculate the JCT reduction
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Figure 15. Experimental results in sensitivity analysis.

of each job respectively under Suika, Sia and Rubick; the
CDFs are depicted in Fig. 13b. It shows that Suika delays
jobs by at most 60s (while attaining a large overall speedup);
in contrast, Sia and Rubick, by being throughput-centric
and overly-penalizing redeployment, often cause substantial
execution delay for individual jobs.

Redeployment efficiency superiority. Suika can remark-
ably speedup LLM redeployment. In Fig. 14a we depict the
average per-redeployment cost during the end-to-end exper-
iments. It shows that Suika makes an speedup of 4.89x and
4.44x when compared with Sia and Rubick.

We further make an ablation study on the effectiveness
of each redeployment optimization technique. We measure
the redeployment time for LlaMA2-13B from 16 to 24 GPUs
with gradually stacked optimizations: (1) CKPT—the default
checkpoint-resume method, (2) CKPT_Overlap — enhanced
with initialization overlap, (3) Tenplex—further enhanced
with device-to-device transfer, (4) Suika—enhance Tenplex
with CUDA-IPC. Fig. 14b shows that each technique yields a
substantial overhead reduction. We also note that our chun-
ked transferring technique (with a chunk size of 2GB) avoids
OOM errors when redeploying large models like LlaMA2-
13B and GPT2-15B—which would have happened otherwise.

5.4 Sensitivity Analysis

To assess Suika robustness, we conduct a series of experi-
ments under diverse setups, and Fig. 15 shows the results.

(a) Inter-node bandwidth. Network conditions affect the
scaling efficiency after resource expansion. To evaluate Suika
performance under diverse network conditions, we respec-
tively create three scenarios: (1) Full-IB (8x400 Gbps)—the
default testbed, (2) Half-IB (4x400 Gbps)—by disabling half
IB NICs in a way that every 2 GPUs are affine to one NIC,
and (3) No-IB (10 Gbps)—by disabling all IB NICs and falling

2013

back to Ethernet.” Fig. 15a confirms that Suika consistently
achieves the lowest average JCT across all the scenarios (the
benefits under Suika are lower in No-IB case because the
resource expansion space is more constraint).

(b) Job intensity. To evaluate Suika benefit under diverse
load intensities, as shown in Fig. 15b, we respectively scale
down the job submission intervals by different ratios (divided
respectively by 0.75, 1, 1.25, 1.5 and 2). Fig. 15b suggests that
Suikamakes the best JCT in each case, with larger advantages
in lighter-loaded cases because they present more chances
for 3D-parallel scaling.

(c) Job composition. Recall that in our default workload,
the ratio of small (S), middle (M) and Large (L) jobs is 3:1:1;
we then check whether different job composition affects the
performance of Suika. To evaluate, we group M and L jobs to-
gether and change the S:(M+L) ratio from 3:2 respectively to
4:1 and 2:3. As shown in Fig. 15¢, Suika can work consistently
well in each case.

(d) Expansion-aggressiveness knob A,. We vary the A,
between 0.25 and 2.0. As shown in Fig. 15d, Suika’s perfor-
mance remains similar as long as A, is not over-conservative,
where less than 5% difference in average JCT is observed for
A = 0.75. This robustness arises because Suika consistently
identifies sufficiently high-efficiency plans in the present
high-bandwidth setup.

(e) Base queuing policy. To prove that Suika generalizes
to different base queueing policy, we replace FIFO with SJF
for Suika. Results in Fig. 15e show that Suika achieves similar
speedup (1.73x) when applied atop SJF.

(f) Trace. We evaluate Suika performance with three addi-
tional traces—one from Philly [26], and two from Helios [18]

9For No-IB case, initial plan involving inter-node data parallelism is changed
to pipeline parallelism.
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(with higher contention). Trace Philly1 is previously adopted
in the end-to-end experiment, and Philly2 is another 8-hour
trace sampled randomly. Fig. 15f shows that Suika consis-
tently outperforms others across all the cases.

5.5 Results in Large Scale Simulation

We resort to simulations to evaluate Suika at a larger scale.
We build a discrete-time, event-driven simulator directly
atop Suika’s physical execution framework: it shares the
identical performance model and scheduling logic with the
physical testbed, while emulating the training execution.
Our fidelity test with previous testbed workloads shows that,
in average JCT there is a maximum gap of 3% between the
simulation and testbed experiment. The error is comparable
to simulators in previous works [25, 53, 79] and we deem it
acceptable.

In our simulation, we scale the cluster size to 1024 GPUs,
trace to 24 hours, and jobs to up to 175B (256 GPUs). To
mimic a multi-level network topology, every 16 nodes are
placed under the same rack, and cross-rack bandwidth is
discounted by 50% to simulate network congestion [36].

Regarding end-to-end performance, evaluation on four 24-
hour traces (Fig. 16a) shows Suika achieves similar speedup
as on physical testbed, on average attaining 1.63x, 1.32x and
1.32x JCT reduction over Non-Elastic, Sia and Rubick. This
proves Suika’s decision quality scales well to large clusters.

To evaluate Suika’s decision speed as cluster size increases,
we plot the P90 scheduling algorithm latency for Suika, Sia,
and Rubick in Fig. 16b. For Suika, we also show P50 and P99
values as error bars. Although Suika is slower than Sia and
Rubick (which is reasonable since it explores a much larger
solution space to ensure plan optimality), it still achieves
practical latency: P90 at 4.01 seconds on a 1024-GPU cluster,
P50 at 0.54 seconds, and P99 at 21.58 seconds.

6 Additional Related Work

Parallelization schemes for LLMs. With the growing
adoption of mixture-of-experts (MoE) [24, 30] architectures
and long-context training [6], conventional 3D-parallelism
(elaborated in §2) has been extended to 5D-Parallelism with
expert parallelism (EP) [30, 58] and sequence parallelism [28,
35] (SP). Parallelism techniques to save GPU memory such
as ZeRO [55] are also widely used. We cover how Suika can
be adapted to support them in §7.
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GPU cluster scheduling. Various GPU cluster schedulers
have been previously proposed with diverse objectives, like
for reducing job completion time [16, 18-20], improving clus-
ter utilization [23, 43, 73] and guaranteeing fairness [4, 41,
80]. Nonetheless, these schedulers mainly focus on deter-
mining the job queuing order or initial resource allocation,
ignoring how to make resource rescheduling after a job has
started. In that sense, they can be combined with Suika for
better performance (as already suggested in Fig. 15e.)

Redeployment optimization. In fault tolerance domain,
overlapping checkpointing with training has been exten-
sively studied [42, 46, 68, 69, 71]; Deepspeed’s UCP [38] intro-
duces a universal checkpoint representation for diverse par-
allelism strategies. In runtime initialization, existing works
have also proposed to overlap the runtime initialization [72,
74] as well as the code-start delay [29] with training. How-
ever, these works fail to exploit the property of incremen-
tal redeployment (an opportunity provided only by Suika),
thereby suffering suboptimal redeployment efficiency.

7 Discussions

Extending to 5D-Parallelism and ZeRO. Suika general-
izes naturally to 5D-Parallelism and ZeRO: (1) non-disruptive
performance modeling can be extended to new parallelism
(e.g., by collecting the routing statistics for EP which are
generally stable [32]); (2) the topology-affinity-based resource
ordering and expand-and-balance principles in Suika are by
nature extensible for scenarios with additional paralleliza-
tion dimensions; (3) the redeployment framework operates
on abstracted state representations, requiring only minor
extensions to handle parameter sharding under ZeRO. We
plan to enforce such extensions in future work.

Fairness. While primarily optimizing cluster efficiency,
Suika can support fairness-aware policies by discounting
the marginal benefits of jobs that have consumed dispro-
portionate elastic resources. With appropriate discounting
functions, Suika can align scheduling decisions with diverse
fairness objectives.

Hyperparameter tuning. To balance efficiency and fair-
ness, operators can leverage Suika’s high-fidelity simulator
to costlessly sweep and tune hyperparameters like expansion
aggressiveness (1) for specific workloads and policy goals.

Convergence validity and global batch size tuning. Suika
does not modify global batch size across reconfigurations,
thereby preserving model convergence [5, 79]. Prior works
for traditional deep learning [25, 53] incorporates global
batch size tuning as a scheduling dimension to maximize
goodput (throughput X statistical efficiency, adopted in Pol-
lux [53] and Sia [25]). In principle, with a statistical efficiency
estimation function, Suika can replace throughput with good-
put to enable batch elasticity for faster convergence.
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Failure recovery. Failure recovery during LLM training
is orthogonal to Suika’s design, and standard checkpoint-
ing system[68, 69, 71] can be integrated seamlessly. Upon
job failure, Suika can temporarily reserve the allocated re-
sources to wait for external recovery processes rather than
immediately reclaiming them.

Adapting to super-large clusters. While we scale out to
1,024 GPUs in simulation, pioneering industrial practitioners
have reported maintaining 10,000 or even more GPUs in their
cluster [27]. Naively applying Suika in such scenarios still
yields a relatively large solution space. We recommend divid-
ing the original cluster into multiple rescheduling sub-zones,
or increase the minimum rescheduling unit from individual
GPUs to nodes or even a couple of nodes based on |R3|.

8 Conclusion

In this paper, we propose Suika, a holistic system that en-
ables both efficient and high-quality rescheduling for 3D-
parallelized LLM training jobs. Suika exploits the opportu-
nities of incremental job reconfiguration to optimize per-
formance modeling (with non-disruptive full-spectrum pro-
filing), decision-making (with affinity-based pruning and
expand-and-balance planning), and redeployment (with CUDA
IPC based transferring). Experimental results show that Suika
can improve the average JCT by over 1.29X when compared
with state-of-the-art elastic schedulers.
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A Performance Model Detail

In this section, we (1) clarify Suika’s representation of asym-
metric 3D-parallelism plan; (2) present the complete formu-
lation of performance model, including iteration latency and
peak GPU memory; (2) demonstrate how to derive coeffi-
cients from profiled observations.

Coeflicients and symbols are summarized in Tab. 2 for
reference.

A.1 Asymmetric 3D-parallelism Plan Representation

Suika abstracts 3D plans in PP-DP-TP hierarchy, where a
plan P consists of PP stages, with the i-th stage as DP group
D;. Inside a DP group, there are DP; TP groups 7;; of the
same TP degree TP;. Inside a TP group, there are TP; GPUs
Gi jx with meta information of GPU type (type);; and node
id (node); ;.

At PP level, the hyperparameter Nj, denotes the number
of micro-batches in a mini-batch. At DP level, /; denotes the
number of layers assigned to D;. At TP level, b; ; denotes
the local micro batch size assigned to 7 ;.

Due to the intense communication demand of tensor par-
allel, the GPUs inside a TP group are restricted to be ho-
mogeneous and on the same node. For effective gradient
synchronization communication, we restrict TP degree to
be the same inside a DP group for alignment. However GPU
type may vary across TP groups inside a DP group, and DP /
TP degree may differ across PP stages. The pipeline strategy
is by default 1F1B [44].

This 3D plan representation is general and compatible
with asymmetric plans defined by Metis [64].

A.2 Modeling Iteration Time

We model latency in a PP-DP-TP hierarchy, as illustrated in
Fig. 7. We describe it with homogeneous setup for simplicity,
and omit k(4) GPU-type superscript for certain coefficients
(please refer to Tab. 2). To generalize to heterogeneous setup,
simply replace coefficients with GPU-type-specific versions
according to target G; j «.

Modeling TP. For 7;;, we aim to estimate (1) T'II:’I’j-fw 4 the
Ty

i . . .
Th-bwd" the backward time excluding gra-

dient synchronization; and (3) TTifj-optim:
Lj
TTP—de
- ij

corrllmumcatlon TTP_.mmm.u_fW & .

(i) The computation time is modeled as proportional to
number of layers, local micro batch size, and the inverse of
TP degree: T'II"I{-comp—fw 4 = keomp * b j * 1i/TP;, where keomp is
the GPU-type specific computation constant.

(ii) The communication time follows a ring all-reduce
model. Under Megatron-style tensor parallelism, each trans-
former layer requires 2 all-reduce operations during the for-

ward pass. The communication volume is thus V = 2kery *
1
bij * l; * 2(1 = —). The volume per transmission V' =
i

forward time; (2)
the optimizer time.

d

Ti,j

is decomposed into computation TP-comp-fwd 11
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Symbol Description

i, j, k pipeline / data / tensor parallel indices

P a 3D Plan in PP-DP-TP hierarchy

D; DP group (PP stage i)

Tij TP group at PP stage i, DP replica j

Gijk GPU at PP stage i, DP replica j, TP index k

PP PP degree

DP; DP degree of PP stage i

TP; TP degree of PP stage i

Np number of micro batches

I; number of layer for D;

bij local micro batch size for 7 ;

(type); GPU type for 7; ;

(node); node id for 7;

ké?n)‘lp forward computation time per layer/sam-
ple for GPU type A

é?c)kwar d backward to forward computation ratio for

GPU type A

ké;‘t)im optimizer time per layer for GPU type A

kifgrlap gradient synchronization / backward com-
putation overlap exponent for GPU type A

éjv)_intra intra-node bandwidth for node a

(a)

g saturation threshold for intra-node band-
w-intra-sat

width for node a

kéjv)/ ® inter-node bandwidth between node a, b; if
a = b, equivalent to intra-node bandwidth

Kactv single activation size per sample [for TP
communication]

Kparam (trainable) parameter/gradient size per

layer [for DP communication and mem-
ory]

parameter+optimizer state size per layer
[for memory]

kparam—optim

TP partitionable/non-partitionable activa-
tion size per layer/sample [for memory]

kactv—p, kactv-np

Table 2. Summarization of symbols and coefficients in per-
formance model.

V' /(2l;) (at order of tens to hundreds of MB) is often too small
to saturate NVLINK. We empirically estimate the effective
bandwidth as linear to log, V’, up to a saturation threshold:
. log, V’
bandwidth = k"% s min(——22
w-intra 1 (node) ij

2 “bw-intra-sat

min( ,1), and com-

o ij
munication time is given by Tpp, (00

~ bandwidth
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TTi’Pf pwd 1S decomposed similarly. (i) Backward gradient
computation time is modeled proportional to forward compu-

tation time up a constant: TTP comp-bwd

(ii) The backward pass also mvolves exactly 2 all-reduce per

L
transformer layer, thus, T. TP -commu-fwd*

kbackward TTP -comp-fwd”

> TP -commu-bwd

TT’I{ optim is formulated as proportional to thﬂ)arameter
volume each GPU holds: TTI}.{ optim = koptim * 1/ TP;.

Modeling DP. For D;, we estimate (1) the forward time

as TDP comp-fivd = 10AX; TTP fwds (2) the backward time exclud-

ing gradient synchronization as TDP comp-bwd

and (3) the optimizer time as TDP optim = MAX; TTP optim

where the maximum reflects potential straggler. (4) the
14

= magx; TTP bwd?

. - g
gradient synchronization cost is T,

~ bandwidth’
——)/TP; ° and bandwidth =
minj, 4, kl()::’de)i’j 1/ (node)s, 2 the bottleneck bandwidth inside
the DP group.

To model the overlap of gradient synchronization and
backward computation, we follow existing work [53, 79] to
use an exponent method: T; ‘ overlap

1e 1 i
e dP) TDP comp-bwd"

where V = kparam * i * 2(1 -

_ i k.
DP -commu-extra ((TDP—comp—bwd)
The total extra time for

_Tl +Tl

DP-commu-extra DP-optim®
be the total com-

k
( DP- commu)

last micro batch is TDP
extra

i
Let TDP -comp TDP comp-fwd + TDP-comp—de
putation time per micro batch of the i-th stage.

Modeling PP. for P, when using 1F1B strategy, the total
iteration time can break down into three parts:

Ipp = Twarm—up + Tsteady + Textra-

(1) Twarm-wp = 2 Tpp. comp Tepresents the first micro batch
at warm-up phase.
(2) Tsteady = (Np—1) *max; (T} comp) Captures the remain-

ing N — 1 micro batch at steady phase, bottle-necked by the
slowest stage.
i-17Jj

(3) Textra = max;(Tip . — 720 Top-comp-bw 1) models the
extra time of gradient synchronizing and optimizer step at
last micro batch.

The activation communication cost between pipeline stages
is generally negligible and not modeled in our formulation.

A.3 Modeling Peak Memory

It is crucial to accurately estimate peak GPU memory con-
sumption to avoid Out-Of-Memory.

The peak memory usage on GPU G, ;. consists of four
parts:

Mpeak = Mparam—optim + Macy + Mgrad + Moverhead-

OFor parameter-efficient fine-tuning jobs, kparam should refer to only train-
able parameters that have gradients

2019
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(1) M,
except gradients, and is formulated as kparam-optim * l,/ TP;
given the repetitive nature of transformer layers.

(2) Mycty measures activation memory and is split into two
parts: tensor-parallel partition-able portion Mycty-p, and re-
maining non-partition-able portion Mjcty-np. This separation
is essential, and neglecting it causes over 50% estimation

param-optim includes parameters and optimizer state

error for TP; = 1 when using coefficients obtained from
TP; = 8.

The activation memory is proportional to local micro
batch size b; j, number of layers [;, and number of micro
batches whose activations concurrently present in memory
min(PP — i, B). Formally,

Maery = Mactv—p + Mactv—np
= by j * l; # min(PP — i, Np) * (Kacty-p/ TP; + Kacty-np)-

(3) Mgraq estimates the contribution of gradients in peak
memory usage. If not all forward passes finish before first
backward pass, or equivalently Nj, > PP — i, which is the
general case, then gradients will co-exist with activation
when memory peaks, s0 Mgrad = kparam * li /T_P, Otherwise,
Mgrad =0.

(4) Moyerhead measures the memory not explicitly requested
by user application, including CUDA context, NCCL buffer
and so on. Myyerhead is both device- and application-related,
and therefore, hard to predict precisely. We choose to over-
claim a small portion of memory to account for Myyerhead
and potential estimation errors of other components. The
portion is empirically set to 10%, which is reasonable as the
typical Myyerhead Value is around 5 GB on H100 80G.

For non-repetitive layers at the beginning or end of LLM
models (e.g., embedding layer, LM classifier), the computa-
tion cost is negligible, and memory can be modeled similarly
as above and added to GPUs at first/last pipeline stage.

A.4 Deriving Coefficient Solely With Online Profiled
Observations

In this section, we elaborate on the derivation of all coeffi-
cients from prior knowledge and profiling data with accuracy
and user-friendliness.

A.4.1 White-box Coeflicients

The white-box coefficients that can be known aprior falls
into two categories.

Cluster-wide Hardware Coefficients: including
kbw> Kbw-intras Kbw-intra-sat» GPU theoretical TFLOPS and mem-
ory capacity. These can be learned from cluster hardware
specification. For a more accurate effective bandwidth
characterization, cluster administrator may profile them
once and reuse for all jobs.

Application-implied Coefficients: including
Kactv, kparam’ kparam—optims kactv-p» kactv—np~ In theory; these
constants can be determined once the application is

provided, with a lot of details requiring users to report. In
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practice, for a more user-friendly interface, we treat them as
hidden and automatically infer them from data collected via
Suika Engine. We will cover them in next part together with
hidden coefficients.

A.4.2 Hidden Coefficients

In this section, we first introduce the engineering co-
design in Suika Engine and profiling principles, then detail
on the derivation of hidden coefficients.

Transparent profiling integration and principles. To
enable elastic asymmetric 3D-parallelized training, with re-
deployment optimization and online profiling, we have im-
plemented a from-scratch SuikaEngine. This allows us to
insert intrusive profiling entry points into the framework,
while keeping them transparent to users.

We implement a profiler utility which wraps the target
code region to collect high-resolution GPU time with CUDA

event, and memory metrics with torch.cuda.memory_stats.

Since we do not profile as detailed as kernel-level latencies,
insert only tens of CUDA events and one memory metric
collection per iteration, their overheads are negligible.

Some additional metrics, such as the shape of activation
tensor at pipeline stage boundary and total number of param-
eters, are also collected to infer aforementioned application-
implied coefficients.

We follow two general profiling principles: (1). Only pro-
file observable latencies, avoid those hard to track or have
overlap: infer Tp.comp-fwd from Trp.fwd — Trp-commu-fwd instead
of profiling directly, since the latter two are easier to track;
measure Trp_commu-fwd at forward not backward to circum-
vent overlap with computation. (2). Prefer profiled value
over theoretical estimation whenever possible: though the
TTp-comp-fwd can be estimated with volume / bandwidth, its
profiled value is favored for coefficient derivation. These two
principles are critical for stable coefficients and accurate pre-
diction despite the various parallelization plans they may be
obtained from.

Inverting the equations. First, consider homogeneous
setup with only one GPU type A. Select an arbitrary G, ; «
with its profiled data.

(1) kcomp: retrieved from linear relation with Trp_comp-fwd =

oroD) _ p(prof) 1
TP-fwd TP-commu-fwd

(2) kbackward: TTP-comp-bwd =
(prof)

TP-commu-fwd ;

(prof)
TTP—bwd = T1p-commu-bwd Where
TTP—comp—bwd

then kpackward =

TTP-commu-bwd T .
TP-comp-fwd

(3) koptim: retrieved from linear relation with TT(};,r_gi))ﬁm.
. . (infer) (prof)
4) koverlap' notice that when T5p-commu ° DP-comp-bwd 2F€

T(prof )

given, DP-commu-extra

1We use (prof) super-scripts to denote directly profiled values, otherwise
values are by default inferred from profiled data or theoretical estimation.
We may sometimes use (infer) to emphasize that the value is estimated with
coefficients known so far.

is monotonically decreasing with koyerlap-
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It can be numerically solved with binary search by aligning
estimated Tpp-commu-extra t0 profiled value. If no data-parallel
is adopted and thus no profile available, pessimistically fall-
back to 1 (no overlap).

(5) kactv: inferred from the shape of activation (or output)
at pipeline stage boundary.

(6) kparam: inferred from the total size of parameters that
require gradients with PyTorch interface. (kparam must be
acquired first to infer ng_fsf))mmu mentioned earlier.)

(7) kparam-optim® inferred from the total size of model’s and
optimizer’s state_dict.

(8) kactv-p/kactv—np: kactv-np = Cnp * Kacty Where Cnp is de-
termined by model architecture (e.g., Cpp = 5 for GPT2 and

(prof) _ 5 4(infer)
Qwenz’ 7 for LlaMAZ). The Mobservable-peak — ""param-optim
Mieto + M(infer)

arad (= Mpeak — Moverhead) is exactly the value from
torch.cuda.max_allocated_memory (). Therefore M,cty can
be inferred; by knowing kactv-np, the last coefficient kuetyp
can be retrieved — Moreover, if data from two GPUs with dif-
ferent TP degrees are available, kacty-p/Kactv-np can be jointly
solved with a linear system without knowing Cy;, a prior.

Next, we discuss how to generalize the model to heteroge-
neous setup; Consider two GPU types A, B, and GPU-type-
specific coefficients Kcomp, Kbackwards Koptims Koverlap-

(1) If both GPU types A, B present in current plan, then
two sets of coefficients are derived separately.

(2) If current plan contains only one GPU types, say A,
then one-shot approximation is applied to derive k& from
k™) Specifically, kcomp is scaled by the inverse of hardware

A
&PS() C(?n?l ; the same
TELOPS(B) ™
TLFOPS scaling applies to koptim. The remaining coefficients,
kbackward and Kqyerlap, are assumed to be identical across GPU-
types when no profile data are available.

+

theoretical TFLOPS: ko), =

B Time Complexity Analysis For Alg. 1
Incremental Plan Solver

We list symbols for complexity analysis in Tab. 3.

Symbol | Description

|R3|, number of GPUs in current allocation
|[R%|, number of GPUs in additional resources
number of GPUs per node

global batch size / number of micro batches

number of layers in the model

v O T Z

number of pipeline stages

Table 3. Symbols in Alg. 1’s Complexity Analysis

We start from low-level functions and progress to high-
level algorithm.
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(1) The throughput estimation T(P), including memory
feasibility test, requires traversing all GPUs in the plan, lead-
ing to O(N + M).

(2) The Load-Balance(P) calls a breakdown version of
T(P) (same complexity) once to obtain lower-level latencies
for reference. Load-Balance(P) models an abstract problem
to split n items into m weighted bins to minimize the maxi-
mum cost; Formally, the i-bin has a cost ¢; per item receives,
the goal is to:

min max a; * cj,
{a:}eN™ ie[m]
s.t. Z a; = n.

i€[m]

This can be solved with heap-based greedy algorithm with
complexity O(nlogm). By substituting cost with low-level
latency, and items as number of layers or local batch size,
this algorithm can apply to both partitioning layers (n = L,
m = S) and local batch sizes (n = B, m = D_Pl < N+M,
repeated for each stage), leading to a total complexity of
O((N + M) + LlogS + SBlog(N + M)).

(3) As for 3D-Expand-and-Balance, the PP/DP/TP-Expand
respectively creates O(log C), O(S), O(S) candidate plans,
and each candidate requires a Load-Balance and a through-
put estimation call. The complexity comes to O((logC +
S)((N + M) + Llog S + SBlog(N + M)))

(4) In incrementalParallelize, for P;, it enumerates i pre-
decessors, each with a 3D-Expand-and-Balance call. Simi-
larly, getBestRsAndThps repeates incrementalParallelize for
M times, requiring O(M?) calls to 3D-Expand-and-Balance.

The final complexity sums up to O(M?(log C + S)((N +
M)+LlogS+SBlog(N+M))).Leaving C, B, L, S as bounded
constants, it trivially simplifies to O(M?(N + M + log(N +
M))) = O(M*(N + M)).

For three aforementioned advanced pruning techniques:

(i) “f M >> N, we may early-stop at M ~ N, as ex-
panding a job significantly beyond its current allocation
typically yields diminishing returns in utilization” — This
reduce the loop in function getBestRsAndThps from O(M)
to O(min (N, M)).

(if) * When M is large, it is not necessary to explore all
predecessors. We may limit the window to closest W ones”
— reduce the loop in function incrementalParallelize from
O(M) to O(W).

(iii) “When N is large, it is not necessary to adjust at single-
GPU granularity. We may group every w intra-node GPUs
as the minimum unit” — This speed up the algrotihm by w
times for the loop in function getBestRsAndThps.

Combining all these pruning techniques reduces the num-
ber of calls to 3D-Expand-and-Balance to O(min(N, M) =
W /w), leading to final complexity O(min(N, M) * (N + M)
W/w) = O(min(N, M) *max (N, M) *W /w) = O(NMW /w)
12

2021

Yuxuan Wang et al.



	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 3D-parallelized LLM Training in Shared Clusters
	2.2 Challenges for Rescheduling 3D-parallelized Jobs
	2.3 Insight: Exploiting the Incremental Nature

	3 Suika Design
	3.1 Non-Disruptive Performance Modeling
	3.2 Efficient and High-quality Planning
	3.3 Redeployment Optimization

	4 Implementation
	5 Evaluation
	5.1 Experiment Setup
	5.2 End-to-end Performance
	5.3 Microscopic Performance Deep Dive
	5.4 Sensitivity Analysis
	5.5 Results in Large Scale Simulation

	6 Additional Related Work
	7 Discussions
	8 Conclusion
	References
	A Performance Model Detail
	A.1 Asymmetric 3D-parallelism Plan Representation
	A.2 Modeling Iteration Time
	A.3 Modeling Peak Memory
	A.4 Deriving Coefficient Solely With Online Profiled Observations

	B Time Complexity Analysis For Alg. 1 Incremental Plan Solver

