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Abstract. Training large language models (LLMs) on heterogeneous
GPU clusters is increasingly common, but resource provisioning remains
a core bottleneck. Existing systems either require users to manually
choose GPU types and counts or rely on static memory formulas
that miss runtime factors (e.g., allocator behavior and communica-
tion buffers), leading to OOM failures or conservative over-provisioning.
At the same time, heterogeneous scheduling often depends on expen-
sive optimization procedures that introduce high scheduling latency.
To solve this problem, we propose Frenzy, a memory-aware serverless
LLM training system for heterogeneous GPU clusters. Frenzy first esti-
mates peak training memory using analytical modeling calibrated by
runtime feedback to infer robust GPU type-and-quantity plans. It then
applies a pricing-driven greedy scheduler with lightweight local swaps to
achieve efficient near-optimal placement with low overhead. We evalu-
ate Frenzy using multi-task LLM training on a physical heterogeneous
cluster with 8 nodes and 4 GPU types. Compared with state-of-the-
art baselines, Frenzy reduces average job completion time by 12%-50%,
lowers scheduling overhead by 10-20x, and achieves over 97% memory
prediction accuracy.

Keywords: Serverless - Heterogeneous + Memory-aware

1 Introduction

Training large language models (LLMs) on heterogeneous GPU clusters is
increasingly important as production and research environments become more
diverse [4-8]. In principle, heterogeneity can improve utilization by matching
workloads to devices with different memory and compute profiles. In practice,
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however, existing systems typically assume that users already know the right
GPU types and counts, and then focus on optimizing scheduling under that
fixed decision [8]. This leaves a major gap between model submission and robust
execution.

The key difficulty is that resource planning and scheduling are tightly cou-
pled. Provisioning decisions based on static formulas are often inaccurate because
they ignore runtime-dependent factors such as allocator behavior, communica-
tion buffers, and kernel overheads, which can cause either OOM failures or con-
servative over-provisioning. Meanwhile, heterogeneous scheduling over a large
combinatorial space can incur high overhead when solved with heavy optimiza-
tion methods such as ILP [1,8]. Together, these limitations make end-to-end
heterogeneous LLM training brittle and costly.

This paper introduces Frenzy, a memory-calibrated serverless system that
explicitly targets this planning—scheduling gap. First, Frenzy determines the
required GPU types and quantities through an adaptive estimation of peak mem-
ory consumption during LLM training. Upon receiving a training task, Frenzy
incorporates the specified parallelism strategy together with model hyperpa-
rameters to analytically estimate model-state and activation memory. Instead
of treating this analytical result as a final decision, Frenzy refines the estimate
via runtime feedback to obtain a calibrated peak memory prediction. Based on
this calibrated estimate, Frenzy generates feasible and high-utilization resource
planning options across heterogeneous GPU types.

Furthermore, we design a scheduling system for heterogeneous GPU clusters
that efficiently allocates GPU resources through a pricing-driven greedy algo-
rithm augmented with lightweight local swaps. This approach achieves near-ILP
scheduling optimality with substantially lower computational cost, enabling effi-
cient and low-overhead task-to-cluster scheduling.

Specifically, Frenzy contributes:

— A serverless abstraction for heterogeneous LLM training that
removes manual GPU-type and GPU-count selection from users and turns
model submission into automatic resource provisioning.

— MARP-F, a feedback-driven memory-aware resource planner that treats
analytical peak-memory estimation as a prior, then calibrates it with runtime
observations to produce robust and high-utilization GPU allocation plans.

— HAS, a low-overhead heterogeneity-aware scheduler that uses pricing-driven
greedy placement with local swap refinement, achieving near-ILP quality at
substantially lower scheduling cost.

— Empirical validation on real and simulated heterogeneous clusters, showing
92%-98% memory prediction accuracy, 10x lower scheduling overhead, and
12%-50% lower average JCT.

2 Background and Motivation

Serverless Computing. Serverless platforms abstract GPU provisioning and
resource selection so that users submit code and configurations rather than man-
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ually managing devices. However, LLM training is stateful and long-running,
making timeout and worker volatility important concerns. Frenzy therefore
uses serverless mainly as a control-plane abstraction: training state is preserved
through checkpoints, while transient workers can be relaunched or rescheduled
after timeout, failure, or OOM, and Ray/NCCL communication is rebuilt for
the recovered worker group.

Heterogeneous Training. Heterogeneous clusters integrate diverse GPUs,
improving utilization by repurposing existing hardware instead of relying exclu-
sively on uniform, high-end accelerators. However, these GPUs vary signif-
icantly in compute and memory capacity (e.g., 40-80 GB A100s [12] vs.
24 GB RTX 3090s [13]), which strictly dictates maximum batch sizes and
parameter limits. Consequently, efficiently orchestrating tasks across these dis-
parate devices—while exploiting high-bandwidth intra-node interconnects like
NVLink—is critical for maximizing training throughput.

2.1 Gap Analysis

Recent systems improve parts of the heterogeneous training pipeline, but none
closes the full loop from model submission to robust execution. Serverless frame-
works such as ElasticFlow [9] simplify submission and elastic scaling, yet they are
primarily designed for homogeneous settings and do not explicitly reason about
cross-GPU memory heterogeneity. Heterogeneity-aware schedulers such as Metis
[7] and Sia [8] optimize placement once candidate resources are specified, but
they still rely on assumptions about feasible GPU types/counts and can incur
high optimization overhead.

This creates a practical gap: resource planning (which GPUs and how many)
and resource scheduling (where to place jobs) are handled separately, even
though they are strongly coupled in heterogeneous clusters. As a result, users
still face trial-and-error behavior, unstable OOM outcomes, and long scheduling
latency under dynamic workloads.

2.2 Challenges

Challenge 1: Robust Resource Planning Under Memory Uncertainty.
The first challenge is to decide feasible GPU type-and-count combinations before
job execution. Static memory formulas are useful priors but are often inaccu-
rate in practice because peak memory is affected by runtime-dependent factors
such as allocator behavior, communication buffers, temporary workspaces, and
fragmentation. In heterogeneous clusters, this issue is amplified by diverse mem-
ory capacities and software/hardware interactions across GPU types. Conse-
quently, plans that appear feasible may still fail with OOM, while conservative
plans waste expensive accelerators.

Challenge 2: Low-Overhead Scheduling in a Combinatorial Space.
Given feasible resource plans, the scheduler must map jobs onto heterogeneous
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nodes while balancing compute mismatch, communication overhead, and post-
allocation fragmentation. Exact or near-exact solvers can become expensive as
cluster size and workload diversity grow, causing scheduling delay to become a
non-negligible component of job completion time. The challenge is to retain
high-quality allocation decisions without paying ILP-level optimization cost.

Challenge 3: Coupling Planning and Scheduling End-to-End. The final
challenge is to connect planning and scheduling in one closed loop. Planning
outputs should be aware of downstream placement difficulty, and scheduling
decisions should reflect calibrated memory feasibility rather than static esti-
mates alone. Without this coupling, systems either over-fit to theoretical memory
models or over-spend computation on scheduling, failing to provide consistent
performance across real heterogeneous clusters.

To address these challenges, Frenzy integrates feedback-calibrated memory
planning (MARP-F) with low-overhead heterogeneity-aware scheduling (HAS),
enabling robust and efficient end-to-end LLM training.

3 Design

To address the three challenges identified in Sect.2, Frenzy integrates MARP-
F (Memory-Aware Resource Planner with Feedback) and HAS (Heterogeneity-
Aware Scheduler). The overall architecture is shown in Fig. 1.

MARP-F HAS
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Fig.1. Frenzy Overview. User submits a LLM training job. MARP-F combines
analytical memory estimation with runtime feedback to adaptively predict peak train-
ing memory under various parallel strategies, and produces robust resource planning
options across heterogeneous GPUs. HAS takes the selected resource allocation plan
and performs heterogeneous GPU scheduling across the cluster using its pricing-driven
greedy placement and local swap refinement.
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3.1 Memory-Aware Resource Planner with Feedback

MARP-F is a feedback-driven memory planning module that converts user-
specified model and training configurations into feasible, high-utilization paral-
lelism plans. As shown in Fig. 2, MARP-F first derives an initial plan using Static
Memory Estimation as a prior. It then runs a lightweight feedback probe to mea-
sure real peak memory and systematic overheads, calibrates the estimator, and
finally outputs an optimized plan through a Plan-Probe-Update loop that both
avoids OOM and reduces over-provisioning. The key contribution of MARP-F
is the closed-loop mechanism that (i) quantifies estimator bias using runtime
measurements, (ii) updates memory feasibility with calibrated safety margins,
and (iii) feeds calibrated plans to downstream heterogeneous scheduling. This
design turns static memory modeling into robust system behavior across diverse
GPU types and software environments.

Static Memory Estimation (prior). The static estimator decomposes the
per-GPU peak memory into three analytical components: (i) model-state (static)
memory for parameters/gradients/optimizer states, (ii) activation (dynamic)
memory mainly determined by micro-batch size and sequence length, and (iii)
logits projection memory that scales with vocabulary size. Concretely, given
model hyperparameters (V| h, [, a), training inputs (s, B), and parallelism degrees
(d,t,p), we compute a predicted peak memory

Mpred = Mstatic(t7p) + Mact (da t; B7 S) + Mlogits(t; Ba S, V)
and select a feasible initial plan (d, ¢, p,b) (with b = B/d) by enforcing
Mpred < CGPU

where Cgpy is the target GPU memory capacity. Among feasible candidates,
the initial plan can be chosen to minimize GPU count N = d -t - p or maximize
training throughput under user constraints.

Adaptive Memory Estimation with Feedback. The key limitation of
static estimation is that Mp..q may deviate from true peak memory because of
environment-dependent effects (e.g., allocator behavior, temporary workspaces,
communication buffers, and fragmentation). MARP-F addresses this limitation
by treating the analytical estimate as a prior and introducing a feedback loop,
as illustrated on the right side of Fig. 2.

(1) Initial Plan. MARP-F starts from the static estimator and produces an initial
plan (d,t,p,b) that is predicted to fit in memory. Importantly, this plan is not
final; it is a starting point that will be refined using runtime observations.

(2) Probe Run. The system then runs a short probe (a few iterations) under the
initial plan and monitors runtime telemetry, including peak allocated memory,
peak reserved memory, and fragmentation indicators. This probe is designed to
expose early unmodeled overheads with low cost, rather than assuming that a sin-
gle probe fully characterizes the entire training lifecycle. (3) Calibrate & Adjust.
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Fig. 2. Left: a one-shot analytical estimator predicts peak memory from model-state
and activation terms and checks against GPU capacity. Right: MARP-F treats the
estimate as a prior and refines it via a feedback-driven Plan—Probe-Update loop to
produce robust, high-utilization GPU allocations.

MARP-F computes the deviation
A= Mobs - Mpred

and uses it to calibrate an environment-aware correction term, producing a
refined estimate M., (or a safe upper bound). This step absorbs systematic
biases introduced by the software /hardware stack and stabilizes prediction across
heterogeneous GPUs.

(4) OOM Avoidance. If the probe indicates insufficient headroom (or triggers
OOM), MARP-F applies a minimal-perturbation mitigation strategy, prioritiz-
ing adjustments with the smallest performance impact—e.g., reducing micro-
batch size, enabling/increasing activation checkpointing, or re-tuning (d,¢,p).
Failures or memory-drift signals are treated as informative feedback: Frenzy
re-enters the Plan—-Probe-Update loop and adjusts the micro-batch size, check-
pointing level, or parallelism plan instead of terminating the job. (5) Optimized
Allocation. If the probe reveals excessive safety margin, MARP-F tightens the
plan to improve utilization, e.g., increasing micro-batch size or reducing the
number of GPUs, while maintaining feasibility. This step reduces conservative
over-provisioning that is common in purely analytical planning.

(6) Confidence Bounds and Termination. Finally, MARP-F enforces feasibility
using calibrated estimates with explicit safety margins (or statistical confidence
bounds), ensuring robustness against runtime variance. The planner iterates the
Plan—Probe-Update loop until it converges to a stable allocation that satisfies
M1 < Cgpy and the chosen optimization objective.
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3.2 Heterogeneity-Aware Schedule

Given the execution plan from MARP-F, HAS schedules jobs using the currently
available resources in the heterogeneous cluster. As illustrated in Fig. 3, HAS first
generates a small set of candidate placements for each job, then selects an alloca-
tion using a pricing-driven greedy algorithm, and finally refines the result
through lightweight local swaps. This design achieves near-ILP scheduling
quality while maintaining substantially lower computational overhead.

Let the job set be J, the GPU type set T, and the node set N. Each node
n provides capacity Cap,, , for GPU type t. For job j and GPU type ¢, the
required GPU count is g;¢, and the number of GPUs allocated from node n is
denoted by x; ;. The allocation must satisfy

§ Tjn,t = Gjt, 0 S Ljn,t S Capn,u E Ljn,t S Capmt
neN J

To balance performance degradation, communication cost, and resource uti-
lization, HAS evaluates each candidate allocation using a composite score func-
tion:

Score(j,t,x) = arj, + |{n | Zjme > O}| + v Topo({n | s > 0})
+ 0 FragAfter(¢,x) + met Tjnt

Here, r;; represents the relative slowdown of running job j on GPU type t (e.g.,
the slowdown of V100 relative to A100 can be approximated by ra100,vic0 =
TFLOPSA100/TFLOPSy100). The second term encourages compact placement
by minimizing the number of involved nodes. Topo(-) captures inter-node com-
munication cost (e.g., 0 for intra-node, 1 for inter-node, and 2 for cross-rack com-
munication). FragAfter penalizes post-placement resource fragmentation, dis-
couraging allocations that leave small unusable GPU fragments across nodes,
for example:

Z max (0,7 — remi{?r)/T
n

Finally, p,; is a dynamic price variable reflecting the scarcity of node-type
pairs. The coefficients «, 3, 7, and § balance performance degradation, node
compactness, communication overhead, and fragmentation cost.

Pricing-Driven Greedy. HAS adopts a pricing-driven greedy strategy to con-
struct the initial schedule. All price variables are initialized as p,: = 0, and
jobs are sorted by scheduling difficulty (e.g., descending min, g;; or ascending
feasible node count). For each job—type pair (j,t), the scheduler generates a
small number of candidate placements: preferably single-node allocations, and
otherwise 1-3 minimal-node covering sets obtained via a Best-Fit-Decreasing
heuristic. The candidate with the lowest Score(j,¢,x) is selected.
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To incorporate global resource scarcity into local decisions, HAS dynamically
updates price variables after each scheduling iteration using a subgradient rule:

Pn,t < max(O, Pnt + U(USedn,t - Capn,t))v usednyt = Z Ljm,t
J

Here n is a learning rate that decays across rounds. Intuitively, heavily uti-
lized node-type pairs receive higher prices, which discourages subsequent allo-
cations from selecting the same resources. This pricing mechanism introduces
a lightweight global feedback loop (Fig.3), allowing the greedy procedure to
adaptively avoid contention and improve cluster-wide utilization.

The complexity of each pricing round is approximately

O(|J|log|J| + [J||T|Kd)

where K is the number of candidate placements per job—type pair and d is the
average number of nodes per candidate.

Training Plan Pricing-driven Greedy Scheduler

e Job j Candidate Score(j, t, x)
e GPU Generation
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Score = a performance
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Fig. 3. Overview of HAS, which performs heterogeneous GPU scheduling using a
pricing-driven greedy algorithm with dynamic scarcity feedback, followed by lightweight
local swaps to refine the final allocation.

Local Swap. To further improve the greedy solution, HAS performs a
lightweight local search stage. This stage explores two types of refinement opera-
tions: (i) single-move, which relocates x; , ; to another node n’, and (ii) pairwise-
swap, which exchanges allocations between two jobs j; and jo. A candidate move
is accepted if it reduces the objective, i.e., AScore < —e, where ¢ is a small accep-
tance threshold.

The search is bounded by a small number of iterations L and candidate
swaps ¢ per iteration, resulting in additional complexity O(Lgq) (e.g., L = 10
and ¢ = 3), which is negligible compared to the greedy scheduling stage.
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Approximation Guarantee and System-Level Complexity. Although
HAS uses a greedy construction, its composite score exhibits a near-submodular
structure, yielding a constant-factor approximation within the candidate space.
Its core novelty lies in its system-level application: dynamic pricing acts as dual-
like feedback, approximating a Lagrangian relaxation of capacity constraints
to globally balance placements without the exponential overhead of global ILP
solvers. By bounding the greedy phase to O(|J|log|J| + |J||T|Kd) and local
search to O(Lq), HAS guarantees near-linear scheduling latency. These heuristics
empirically perform within a few percent of ILP-optimal solutions at a negligible
computational cost.

TP Placement Guarantee. To prevent severe communication degradation
across heterogeneous links, HAS enforces a strict topology boundary during
candidate generation. It guarantees that all Tensor Parallelism (TP) groups are
placed entirely within a single physical node utilizing high-bandwidth intercon-
nects (e.g., NVLink). By ensuring the TP degree t never exceeds a single node’s
capacity (t < Capp,), HAS effectively shields the training process from the
prohibitive synchronization overheads of cross-node tensor parallelism.

4 Evaluation
4.1 Setup

Cluster Configuration and Simulator

(1) We conducted LLM training scheduling experiments with Ray on a physical
heterogeneous cluster. The cluster includes 1 head node with 4 x A800 80G
GPUs (NVLink), 2 nodes with 2 x A100 400G GPUs (PCle), 2 nodes with 1
x A100 40G GPU, 1 node with 2 x H800 80G GPUs (NVLink), and 2 nodes
with 2 x A100 80G GPUs (PCle), for a total of 8 nodes and 4 GPU types.

(2) Simulator. We extend the Alibaba Cloud PAI simulator [25] to support
heterogeneous-cluster scheduling. The simulator emulates GPUs with differ-
ent memory capacities (e.g., A100 40G and T4 16G) and reproduces job-
level events including submission, arrival, execution, and completion. We
calibrate simulator inputs using real-cluster measurements of throughput,
scheduling overhead, training time, and GPU utilization. The resulting sim-
ulator achieves high fidelity, with less than 5% error relative to real-cluster
execution.

Workload and Traces. Philly [5] is a dataset derived from over 100,000
jobs executed over a two-month period in a multi-tenant cluster with multiple
GPU types at Microsoft. This dataset provides valuable insights into the real-
world usage patterns and challenges of managing large-scale, heterogeneous GPU
clusters. Helios [20] is a real-world workload dataset from SenseTime, consisting
of four clusters and over 3.3M tasks. Compared to Philly, Helios requires more
GPUs and has longer runtimes. We also used NewWorkload, which includes
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GPT-2 models at 350M, 1.3B, and 4.2B [21], OPT models at 6.7B and 13B,
and BERT models at 110M and 340M [22], each with varying batch sizes, to
construct 1,000 LLM task queues.

Baseline. We compare against five baselines: RAR, Sia, Opportunistic Schedul-
ing, ElasticFlow, and MLaaS.

RAR [19] performs parameter analysis for LLMs in mixed-precision training,
enabling GPU memory usage prediction.

Sia [8] optimizes deep learning (DL) scheduling in heterogeneous clusters,
enabling adaptive scheduling for tasks with user-specified GPU counts.

Opportunistic Scheduling [23] denotes the version with opportunistic schedul-
ing strategy, which always prioritizes nodes with higher computational power in
heterogeneous cluster scheduling. It follows a first-come, first-served (FCFS) pol-
icy, greedily allocating idle resources to newly submitted tasks.

ElasticFlow [9] enables serverless training in homogeneous clusters by using a
minimum-satisfaction control mechanism to dynamically estimate GPU counts.

MLaaS [4] performs task scheduling on large-scale clusters based on the
Alibaba PAT platform and supports heterogeneous GPU scheduling.

4.2 General Result

We evaluate the throughput and average JCT on the top 300 NewWorkload tasks
using the 8-node, 16-GPU heterogeneous cluster. As shown in Fig. 4, Frenzy
achieves the highest throughput and saturates later than Sia, ElasticFlow-
BE, and Opportunistic Scheduling, indicating better resource utilization under
contention. Frenzy also reduces QT and JCT by 15-25% over Sia, around 30%
over ElasticFlow-BE, and up to 40% over Opportunistic Scheduling. These gains
come from calibrated memory planning in MARP-F and low-overhead heteroge-
neous placement in HAS.

3001 —o~ Opportunistic QT Opportunistic == JCT Opportunistic
&~ ElasticFlow-BE 2500| == QT ElasticFlow-BE s JCT ElasticFlow-BE.

— Sia

Frenzy

0 30 60 %0 0 150 2 3

50 00 124
Number of jobs. Number of Jobs

Fig. 4. Comparison of throughput scalability (left) and latency performance (right)
under increasing LLM workloads.
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Fig. 5. Comparison between Frenzy and RAR memory predictions and the actual GPU
memory usage.

4.3 Impact of Individual Techniques

MARP. Figure5 compares MARP-F with RAR across GPT-2 models under
varying model sizes, parallelism strategies, and batch sizes. MARP-F achieves
98% memory prediction accuracy and reliably detects OOM cases in large-scale
settings (e.g., gpt2-7B and gpt2-13B with high TP/DP), where RAR often over-
estimates feasibility. Validation across common GPU capacities (16-80 GB) fur-
ther confirms MARP’s robustness in modeling realistic memory footprints. Its
superior accuracy stems from fine-grained, LLM-specific memory analysis.

HAS. We evaluate HAS against Sia and ElasticFlow on 8 heterogeneous nodes.
As workload scales from 1K to 10K tasks (Fig. 6, left), Frenzy exhibits the slowest
overhead growth, reaching only 2.69 at 10K tasks, compared with 27.45 for Sia
and 57.32 for ElasticFlow-BE. Trace-driven evaluation on Helios [20] and Philly
[5] (Fig.6, right) shows that Frenzy maintains a JCT comparable to Sia while
reducing overhead by 10x, and reduces JCT by 28% with 20x lower overhead
relative to ElasticFlow-BE. This gain comes from HAS’s pricing-driven greedy
design with lightweight local swaps, which approximates ILP-level quality at
much lower cost.

4.4 Large-Scale Testing

To evaluate scalability, we conducted large-scale simulations using a validated
heterogeneous-cluster simulator. The simulated cluster contains three GPU types
(T4, V100, and A100), each with 128 nodes of 8 GPUs. We replay 10,000 tasks
from the Helios trace on clusters ranging from 1,000 to 9,000 GPUs.

Table 1 shows that Frenzy consistently achieves the lowest average JCT across
all cluster sizes, outperforming MLaaS, Sia, and Opportunistic scheduling. On
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Fig. 6. Frenzy scheduling result compared with Sia and ElasticFlow’s best effort (BE)
strategy.

Table 1. Average JCT (s) under different GPU cluster sizes in large-scale simulation
experiments.

GPU Num|MLaaS|Frenzy|Opportunistic Sia
1500 35013 24881 52400 34412
2000 25100 18103 46308 23703
3000 18223 [10534 (29482 18902
4000 13801 |7216 (21943 12511
5000 11500 (5834 |17210 11208
6000 10014 5124 15982 9224
7000 8974 4832 |15821 8453
8000 8613 4702 |14683 8305
9000 8501 4613 |14532 8201

average, Frenzy reduces JCT by 40%-50% over MLaaS, 35%-45% over Sia, and
over 60% over Opportunistic scheduling, with gains becoming more pronounced
at larger scales (>7000 GPUs).

4.5 Sensitivity Analysis

We first evaluate the sensitivity of HAS to the weight parameters in the scoring
function. As shown in Fig. 7(a), we vary each parameter («, 3,7, 0) by scaling it
with factors {0.5,1,2,4} while keeping the other parameters fixed. The experi-
ment is conducted on a heterogeneous cluster with 8 nodes equipped with four
different GPU types, totaling 16 GPUs, using the top 300 tasks from NewWork-
load. The results show that the average JCT varies by less than 5% across all
configurations, indicating that HAS is robust to the choice of weight parameters.
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We further evaluate sensitivity to the pricing learning rate 7. As shown in
Fig. 7(b), we vary n in {0.01,0.05,0.1,0.2} under the same setup. Average JCT
remains stable across this range, with performance differences within 5%. This
indicates that HAS is robust to the exact choice of 1.

(a) Weight Parameter Sensitivity (b) Learning Rate Sensitivity
%‘ 102.0 %‘ 100.8 —e— n sensitivity
[} Q
N 1015 X 1006 1
€ 101.0 ]
§ E 100.4
5 100.5 5
c c
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o 99.0 —e— ascaling )
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o 985 7 —o— yscaling | ©
2 08.0 é —e— 6 scaling 2 99.6
05 10 15 20 25 3.0 3.5 4.0 0.05 0.10 0.15 0.20
Scaling Factor Learning Rate n

Fig. 7. Sensitivity analysis of HAS parameters. (a) The Sensitivity to weight param-
eters «, 3, v, and 0. (b) The Sensitivity to pricing learning rate 7. The average JCT
varies by less than 5%, indicating that HAS is robust to parameter choices and stable
across a wide range of learning rates.

4.6 Simulator Validation

We validate the simulator against the physical 8-node, 16-GPU heterogeneous
cluster under identical scheduling settings and the same top 300 NewWorkload
tasks. As shown in Table 2, the simulator closely matches real-cluster behavior,
with 3.4% error in average JCT, 4.3% error in scheduling overhead, 2.2% error
in GPU utilization, and 3.3% average error. This confirms that the simulator is
sufficiently faithful for large-scale evaluation.

Table 2. Simulator validation compared with the real cluster

Metric Real Cluster|Simulator Error
Avg. JCT (s) 1824 1762 [3.4%
Scheduling Overhead (s)2.74 2.62 4.3%
GPU Utilization (%) 81.6 79.8 2.2%
Average Error — 3.3%
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5 Conclusion

Frenzy integrates serverless computing into heterogeneous GPU clusters to sim-
plify resource management for developers. By predicting peak GPU memory
usage during LLM training, Frenzy derives an appropriate resource allocation
plan and performs low-overhead scheduling across heterogeneous clusters.
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