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INTRODUCTION: The animation industry’s growing demand for high-resolution, multi-scene rendering has led to highly
heterogeneous and dynamic workloads, challenging traditional scheduling systems.

OBJECTIVES: This study aims to overcome the limitations of static or rule-based schedulers by developing an adaptive,
learning-driven approach that dynamically matches rendering tasks to compute resources under fluctuating conditions.
METHODS: We propose a machine learning-based scheduling and compute prediction model that integrates
multi-dimensional task feature vectors with a lightweight sequence prediction network and a multi-objective optimization
strategy. This enables real-time estimation of rendering duration, compute demand, and node load for dynamic resource
allocation. The framework explicitly models temporal dependencies across frames and accounts for GPU heterogeneity
through unified task representations.

RESULTS: Evaluated on a cluster with 12 representative animation scene categories and 3 GPU architectures, our method
shortens average task latency by 11.0%, improves node utilization by 3.9%, and reduces energy consumption by 7.8% over
the best baseline, while maintaining robust performance even under severe (20%) state noise.

CONCLUSION: The proposed model demonstrates strong adaptability and efficiency in complex rendering environments,
offering a scalable foundation for intelligent, cross-platform scheduling in next-generation rendering infrastructures,
particularly beneficial for cloud rendering, virtual production, and energy-constrained GPU clusters, while supporting
real-time responsiveness and cost-effective resource management.
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1. Introduction

The rapid advancement of animated films, game visual
effects, and immersive media has led to increasingly
complex rendering tasks. These tasks demand
high-resolution outputs, intricate lighting, and diverse scene
elements, placing significant pressure on modern
production pipelines [1]. Multi-architecture GPUs and
multi-node clusters have now become the standard in these
pipelines. Consequently, efficient resource scheduling is a
critical factor influencing production cycles, cost reduction,
and rendering efficiency [2, 3]. However, current
scheduling approaches predominantly rely on fixed rules or

static load-balancing strategies. These traditional methods
struggle to handle the instability caused by increasing task
volumes and fluctuating capacities, thereby constraining
overall cluster throughput and resource utilization [4].
Moreover, while large-scale industrial schedulers like
Google’s Sigma [5] and Microsoft’s Apollo [6] excel in
general-purpose cloud management, they are not inherently
tailored for the highly dynamic, multi-source attribute
dependencies specific to frame-level rendering tasks.
Previous research has explored heuristic algorithms,
hybrid scheduling strategies, and various predictive models
aimed at optimizing rendering task management. Yet,
significant challenges remain. First, the rendering
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complexity at the frame level can fluctuate significantly,
and low-dimensional indicators alone are insufficient to
capture the full scope of task characteristics, limiting the
generalization ability of prediction models. Second, GPU
architectures differ in memory capacity, cache organization,
and other structural attributes, making it difficult for
traditional scheduling methods to account for cross-device
load heterogeneity[7]. Crucially, attempting to resolve these
issues by simply extending existing deep learning
schedulers, such as naively bolting a standalone sequence
predictor onto a standard resource allocator, proves highly
ineffective. Such functional combinations treat feature
modeling and scheduling as decoupled processes. They pass
only low-dimensional scalars between modules, causing
severe information loss regarding the nonlinear interactions
between fine-grained rendering attributes and hardware
execution costs. These issues highlight the urgent need for a
more adaptive scheduling method capable of dynamically
predicting compute fluctuations and optimizing resource
allocation in heterogeneous environments.

To address these challenges, this study proposes a tightly
coupled framework for animation rendering task scheduling
that integrates task representation, temporal prediction, and
multi-objective scheduling. While this work builds upon
established deep learning techniques rather than introducing
fundamentally new mathematical algorithms, our core
contribution lies in a novel system-level integration and
practical  engineering innovation. This framework
introduces three key innovations: (1) the construction of a
multi-dimensional rendering task representation, which
incorporates features such as texture, lighting, material
properties, and path depth to enhance feature granularity
and discriminative power; (2) a sequential compute
prediction model, which leverages a lightweight temporal
network to capture load variation patterns and predict
compute demand and rendering duration dynamically; and
(3) a multi-objective adaptive scheduling strategy, which
combines prediction results and node states to enable the
dynamic adjustment of resources through weighted

optimization of latency, utilization, and energy consumption.

These components are designed to address the specific
characteristics of real-world rendering pipelines, ensuring
system interpretability, scalability, and significant practical
value in heterogeneous environments.

2. Related Works

2.1 Characteristics of Animation Rendering
Workloads

Animation rendering tasks are widely used in film
pre-rendering, visual effects, virtual production, and cloud
rendering platforms. These tasks typically involve path
tracing, global illumination, and complex material solving,
and their compute demand is highly sensitive to scene
structure, lighting conditions, and camera motion [8,9]. For
instance, a single frame with detailed textures, dynamic

lighting, and multiple reflective surfaces can require hours
of computation on a high-performance GPU. As rendering
systems evolve toward multi-GPU and cross-node clusters,
task scheduling and compute prediction face challenges
such as strong resource heterogeneity, significant compute
fluctuations, and inconsistent task granularity [10].

Existing rendering load benchmarks are primarily based
on publicly available light-tracing scene sets and synthetic
scene collections. However, these datasets mainly serve
hardware performance evaluation and generally lack joint
annotations of task properties and node load[11]. Common
evaluation metrics include task completion time, node
utilization, cluster throughput, energy consumption, and
prediction error metrics such as MAE/MAPE. Nevertheless,
most studies tend to optimize a single metric and fail to
systematically account for the coupling relationship among
latency, energy consumption, and utilization, resulting in a
gap Dbetween research findings and real production
environments[12]. To bridge this gap, it’s crucial to develop
frameworks that can simultaneously consider multiple
objectives and adapt to changing conditions.

2.2 Multi-Dimensional Task Representation

Accurate modeling of rendering tasks requires capturing
heterogeneous factors such as texture complexity, lighting
configuration, material types, and geometric detail. Prior
work has shown that low-dimensional features, such as
material, lighting, and mesh attributes, can establish a basic
correlation with rendering load[13,14]. For example, scenes
featuring large areas of flat color may have lower
computational demands compared to those with intricate
textures and fine details. However, these representations
often overlook frame-level dynamics and exhibit limited
adaptability to long sequences or scenes with complex
motion. Moreover, restricted feature dimensionality is
insufficient to capture load variations introduced by
advanced materials or dynamic lighting[15]. To address this,
our framework employs a high-dimensional, unified task
representation that fuses categorical and numerical scene
attributes through embedding and normalization, enabling
fine-grained discrimination of computational demands. This
approach allows for more accurate predictions of compute
requirements, which is particularly beneficial for scenes
with rapid changes in lighting or object movement.

2.3 Temporal Modeling of Compute Demand

Rendering workloads exhibit strong temporal correlations
across consecutive frames due to camera motion, lighting
transitions, or object interactions. Capturing these dynamics
requires sequential modeling capable of forecasting both
compute demand (e.g., GPU FLOPs) and rendering
duration. While some approaches model resource states
using graph neural networks or temporal models to capture
inter-node dependencies [16,17], they often neglect
task-side evolution, leading to weak task-resource coupling.
Furthermore, single-scale prediction limits applicability in
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scenarios with abrupt load changes. In contrast, our method
leverages lightweight recurrent architectures (e.g., GRUs)
to process frame sequences, explicitly modeling short-term
fluctuations and long-term trends. This enables proactive
prediction of compute requirements before task execution, a
principle supported by evidence that temporal context
significantly improves load estimation accuracy [18]. By
considering the historical data and future projections, our
approach provides a more robust solution for managing
fluctuating workloads.

2.4 Multi-Objective Adaptive Scheduling in
Heterogeneous Environments

Effective scheduling in modern render farms must jointly
optimize competing objectives: minimizing latency,
maximizing resource utilization, and reducing energy
consumption. Reinforcement learning-based strategies have
demonstrated flexibility in dynamic environments and
multi-objective optimization [19, 20, 21]. However, they
typically operate reactively without forward-looking
predictive inputs, and often struggle to dynamically adapt to
the rapid frame-level load shifts inherent in rendering tasks.
Meanwhile, studies on heterogeneous GPU mapping
highlight how architectural differences impact performance
[22, 23], yet most still depend on static rules that cannot
proactively anticipate compute surges.

Our scheduling strategy builds on the principle that
optimal decisions require three inputs: (1) predicted
compute demand and duration, (2) real-time node states
(utilization, memory, bandwidth), and (3) configurable
weights reflecting operational priorities. By integrating
these into a unified cost function, the scheduler performs
proactive, multi-objective allocation, departing from
reactive or single-metric paradigms [24]. This approach
aligns with the insight that system-level efficiency emerges
from tight coupling between task dynamics, resource
heterogeneity, and adaptive control [25]. Future research
could explore more sophisticated optimization techniques,
such as evolutionary algorithms or hybrid methods
combining reinforcement learning with predictive analytics,
to further enhance the adaptability and efficiency of the
scheduling strategy.

2.5 Synthesis: Toward an Integrated
Prediction-Scheduling Framework

The above principles collectively motivate our integrated
design. A fundamental architectural distinction between our
proposed method and existing deep learning schedulers lies
in the depth of integration. Unlike methods that treat feature
modeling, temporal prediction, and scheduling as isolated
components connected by heuristic interfaces [26], our
framework unifies them into a tightly coupled, cascaded
pipeline. In our design, high-dimensional task
representations directly condition the hidden states of the
temporal predictor, whose outputs then dynamically

formulate the multi-objective cost function. This
architectural continuity ensures that fine-grained feature
nuances, such as an abrupt transition in scene geometry,
propagate directly into scheduling decisions without
intermediate bottlenecking. This end-to-end pipeline is
grounded in three foundational ideas: (1) Task complexity
must be represented in sufficient dimensionality to reflect
real-world rendering variability; (2) Temporal dependencies
in compute load must be explicitly modeled to enable
foresight; (3) Scheduling decisions must be multi-objective
and informed by these forward-looking predictions, not just
instantaneous states.

These principles directly address four persistent gaps: (1)
absence of unified frameworks combining task, temporal,
and node-state modeling; (2) lack of proactive scheduling
for dynamic, multi-GPU environments; (3) immaturity of
multi-objective optimization in rendering contexts; and (4)
insufficiency of existing datasets for end-to-end algorithm
validation[27]. Our methodology operationalizes these
principles to deliver a generalizable solution for intelligent
rendering cluster management. Additionally, exploring the
integration of emerging technologies like quantum
computing or edge computing into rendering workflows
could offer new avenues for optimizing compute resources
and enhancing the scalability of rendering pipelines.

3. Methodology

This section presents the unified architecture composed of
the Task Feature Encoder, Temporal Compute Predictor,
and Multi-objective Adaptive Scheduler. The overall
framework aims to accurately model compute demand,
rendering duration, and node load variations for animation
rendering tasks, and to perform proactive multi-objective
scheduling in heterogeneous GPU clusters.

3.1 Problem Formulation

For clarity of subsequent derivations, this section
formalizes the definitions of rendering tasks, node states,
prediction targets, and scheduling objectives.

3.1.1 Rendering Task Definition
Assume the animation sequence contains T consecutive
frames, denoted as:
F={fuvfo - fr} (1)
Each frame f; corresponds to a rendering task, whose
input feature vector is defined as:
x; € R4 )
where
d: feature dimension
X, includes quantifiable scene attributes such as texture
complexity, number of light sources, material type encoding.
To ensure cross-platform consistency, these features are
parsed directly from standardized scene files (e.g.,
Universal Scene Description, USD) and pipeline metadata
rather than specific renderer APIs. This engine-agnostic
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approach guarantees broad universality across diverse
production pipelines.

3.1.2 Compute Demand and Rendering Duration

Let

¢;: compute demand of frame t (GPU FLOPs)
l;: rendering duration
The objective is to learn the prediction functions:
b = P(Xp), = P(Xq) 3)
where x;.;. denotes the feature sequence from frame 1 to
frame t, capturing temporal dependencies.

3.1.3 Node State and Resource Model
Assume the GPU cluster contains N nodes:
G =1{91,92 -, 9n}
The resource state of each node is:
sp = {up, my, bi}
where
u!: GPU utilization
m!: memory usage
bL: bandwidth availability
All values are normalized to the interval [0,1].

4)
)

3.1.4 Scheduling Decision Definition

For frame task f;, the scheduling decision is:
a; €{12,..,N} (6)

Let

L=YyT_,1 . total latency

U

E=YT_el .- total energy consumption

a, B, y: weighting coefficients

1 o .
ﬁZle YN_, ul: average node utilization

3.1.5 Overall Objective
The unified scheduling objective jointly optimizes latency
(L), utilization (U), and energy consumption (E):

min aL + B(1—-U) +yE @)
fac}

where

a, 5, v: objective weights

L total latency

U: average utilization

E: energy consumption

Equation (7) represents the final optimization objective
of this study.

3.2 Overall Framework

The proposed adaptive scheduling and compute prediction
framework consists of three core modules, Task Feature
Encoder, Temporal Compute Predictor, and Multi-objective
Adaptive Scheduler, forming a unified pipeline of task input
— feature representation — temporal prediction —
scheduling decision — GPU execution. The overall
framework is illustrated in Figure 1.
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GPU Node 2
GPU Node
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Input Animation Rendering |
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Figure 1. Overall Framework

The framework takes animation rendering tasks as the
primary input, including scene structure, frame-level
material changes, lighting distribution, and other
characteristics. These raw features are first transformed into
unified high-dimensional representations by the Task
Feature Encoder to support subsequent temporal modeling.

The encoded sequential frame representations are then
fed into the Temporal Compute Predictor, which captures
dynamic trends in rendering load as the shot evolves. Based
on a lightweight recurrent network, this module generates
two key prediction outputs: compute demand and rendering
latency, reflecting the fluctuation patterns of rendering
workloads in sequential form. The prediction results are
combined with the current cluster state, including node
utilization, memory usage, and bandwidth availability, and
then passed to the scheduling module.

The Multi-objective Adaptive Scheduler computes a cost
value for each candidate node based on the prediction
outputs, jointly considering latency, utilization, and energy
consumption. Through a cost minimization strategy, it
produces the final scheduling action. The entire system
operates in a closed-loop manner: after actual execution, the
node states are updated to provide more accurate decision
support for subsequent tasks. This framework achieves an
integrated prediction—scheduling design with strong
scalability and stability in heterogeneous GPU cluster
environments.

3.3 Module Descriptions

This section provides a detailed description of the three
major modules of the system: Task Feature Encoder,
Temporal Compute Predictor, and Multi-objective Adaptive
Scheduler. These modules correspond to Figure 2, Figure 3,
and Figure 4, respectively. Each module is described in
terms of motivation, principles, implementation, and
structural illustration, followed by unified pseudocode.

3.3.1 Task Feature Encoder

(1) Motivation

The computational characteristics of rendering tasks are
affected by heterogeneous factors such as texture, lighting,
materials, and geometric complexity. To address the issues
of sparse raw features, inconsistent scales, and strong
coupling among modalities, a representation model capable
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of integrating multi-modal features is required.
(2) Principles
This module adopts a combination of an embedding layer
and a multilayer perceptron (MLP) to map raw features
X, € R% to a high-dimensional vectorh, € R". Specifically,
categorical features are encoded using embeddings,
numerical features are normalized through min-max scaling,
and then two fully connected layers are applied for feature
fusion.
(3) Implementation
Categorical features (e.g., material types, lighting categories)
are first embedded, and numerical features are normalized.
The fused representation vector is then produced through
the MLP. Formally:
e; = Embed(x;) (8)
h, = o(W,e. +b,) 9
where W, € R™4 b, € R"* are learnable parameters,
and h is the hidden dimension, set to 128 in experiments.
As shown in Figure 2, this module adopts a three-stage
architecture and outputs a unified task representationh,.

Categorical Features ~ Numerical Features

« Path depth

MLP Feature Fusion — Unified

- Scene statistics Representation (he)

Embedding &
Normalization Stage T
SEEE
Raw Input Feature Block l MLP Feature Fusion

Categorical Features = Embedding Stage
Layer

Numerical Features = Min-Max
Normalization

Figure 2. Architecture of the Task Feature Encoder
Module

3.3.2 Temporal Compute Predictor

(1) Motivation

Rendering loads exhibit strong temporal correlations across
frames (e.g., due to camera motion or lighting changes). To
capture such dynamic patterns, a sequential modeling
approach is required to jointly predict compute demand and
rendering duration.

(2) Principles and Implementation

This module employs a gated recurrent unit (GRU) to
model the feature sequence {h,...,h;}, producing the
hidden state z;, which is then used to predict compute

demand ¢; and rendering duration [;:

z; = GRU(h, z_,) (10)
The prediction outputs are:
€ = Wezy, it = Wz, (11)

where

z,: temporal hidden state

W,, W;: linear projection matrices for prediction
(3) Implementation
The system sequentially feeds consecutive frames into the
GRU and generates predictions at each timestep. This
architecture  effectively  captures both  short-term
fluctuations and long-term trends, yielding stable
predictions sensitive to scene variations. Although more

2 EA

5

complex models like LSTMs and Transformers possess
stronger capacity, GRU was selected because it achieves the
optimal trade-off for real-time scheduling: it delivers
comparable accuracy to LSTM with lower computational
overhead, and avoids the heavy inference latency of
Transformers, satisfying the strict millisecond-level
decision requirement.

Figure 3 illustrates the sequence structure of the
Temporal Compute Predictor: the left part shows the feature
sequence produced by the Task Feature Encoder, the middle
part displays the GRU units unfolded across time, and the
right part shows the predictions of compute demand ¢; and
rendering duration I,. Arrows in Figure 3 indicate temporal
dependencies and the propagation of hidden states across
GRU blocks.

Compute Demand

Encoded Frame Features Rendering Latency

GRU-based Sequence
1 Modeling 1

ERE-B 888 (5

Input Feature Sequence l Prediction Outputs

Input: he

Output: z¢

Figure 3. Architecture of the Temporal Compute
Predictor Module

3.3.3 Multi-objective Adaptive Scheduler

(1) Motivation

Scheduling decisions must jointly consider latency,
resource utilization, and energy consumption. However,
traditional approaches often rely on single-objective or
rule-based strategies, which cannot balance different
metrics or perform proactive scheduling based on
prediction outputs. Therefore, a multi-objective scheduling
module capable of incorporating predicted information and
real-time node states is needed.

(2) Principles

The scheduler computes a cost function using predicted
compute demand ¢;, predicted rendering duration [,, and
node state si = {ul,m&, bi} (representing utilization,
memory consumption, and bandwidth availability):

c(t,n) = al, + p(1 —ub) +yel (12)
The final scheduling decision is:
a; = arg minC (t,n) (13)
n

where:

el: energy consumption of node nnn when executing the
task

a, B,y: weights for the multi-objective cost
(3) Implementation
The strategy achieves multi-objective trade-offs through the
weight parameters «, 5,, and leverages prediction outputs
to perform proactive resource allocation (as shown in
Figure 4).
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Cltm) = ot + Pl = ual) + et

Figure 4. Architecture of the Multi-objective Adaptive
Scheduler Module

3.4 Objective Function & Optimization

This section provides the complete derivation of the joint
optimization objectives used in this study, including
compute prediction loss, rendering-duration prediction loss,
the multi-objective scheduling function, and the overall
optimization strategy. All variables are defined upon first
use.

To ensure that the Temporal Compute Predictor
accurately estimates frame-level compute demand and
rendering duration, two types of prediction losses are
constructed.

Let:

c;: ground-truth compute demand

¢;: predicted compute demand

l;: ground-truth rendering duration

[,: predicted rendering duration

T: total number of frames in the sequence

The compute-demand prediction loss is defined using
Mean Absolute Error (MAE):

1 A
Le :;ZZ=1|Ct — | (14)
The rendering-duration prediction loss is:
1 ~
L =;Z?=1|lt_lt| (15)

The combined prediction loss is obtained through

weighted summation:
Lpred = AL + AL (16)

where A, and A; are weighting coefficients for the two
prediction tasks.

The multi-objective scheduling module jointly optimizes
latency, energy consumption, and node utilization.

Let:

a;: index of the node selected for frame t

ul,: utilization of node nnn at frame ¢

el: energy consumption of node nnn at frame t

[,: predicted rendering duration

Latency Objective

The total sequence latency is defined as:

L=3%.1, (17
Average Node Utilization
1
U= ™ f=1 Xh=1 U (18)
Energy Objective
E=7%1e;, 19)

Scheduling Cost Function
The scheduler evaluates each node using the following
weighted multi-objective cost function:

C(t,n) = al, + (1 —ub) +yel (20)
The target weights (a, [, y) are empirically tuned via
grid search based on specific production priorities (set to
0.5, 0.3, and 0.2, respectively, in our core experiments to
prioritize latency). Although this linear combination
simplifies potential non-linear coupling, it is deliberately
adopted to guarantee the computational efficiency strictly
required for millisecond-level scheduling. While an online
adaptive adjustment mechanism (e.g., utilizing Bayesian
optimization for dynamic scenario-switching) is not
currently implemented, exploring such intelligent
weight-tuning methods and addressing non-linear dynamics
remain key directions for future optimization.
The final scheduling decision is:

a; = arg min C (t,n) 21
n
Overall Scheduling Loss
Lep=al+p(A-U)+yE (22)

Combining the prediction and scheduling objectives
yields the final unified loss:
L= Lpred + 1L (23)
where 1 controls the relative contributions of the
prediction and scheduling modules.
Rendering tasks are subject to resource constraints; thus,
scheduling must satisfy:
Each task must be assigned to exactly one node
Yn=1NIl(at =n)=142)Y¥N_I(a, =n) =1
(24)
Memory Constraint
Let m; be the memory requirement of the task and M,
the memory capacity of the assigned node:
my < Mg,
Bandwidth Constraint
Let by, be the minimum bandwidth requirement and
b}, the bandwidth of the assigned node:
ba, = bin (26)
Training is performed through alternating optimization:
Update Prediction Module Parameters 6
B<6-— T]pvel:pred (27)
Update Scheduling Strategy (Greedy + Local Search)
a, =arg mgn C(t,n) (28)

(25)

where:

Np: learning rate of the prediction module

0: parameter set of the prediction model

This alternating optimization approach maintains high
prediction accuracy while improving the adaptability and
robustness of the scheduling strategy.

4. Results and Analysis

4.1 Experimental Setup

This section introduces the composition of the datasets,
hardware environment, evaluation metrics, and overall
experimental workflow. To ensure that the evaluation
covers diverse rendering load patterns, different GPU
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architectures, and multi-scene  characteristics, the
experiments employ three datasets, StudioRender-12K,
Blender-PhysLight Scenes, and Multi-GPU TraceSet,
jointly constructing a realistic animation-rendering
environment with compute prediction and scheduling
requirements.

StudioRender-12K is a self-built dataset sourced from
real production pipelines. Ensuring objective reproducibility,
it requires no manual annotation: input features are
automatically parsed from standardized scene files, and
ground-truth labels (rendering duration and compute
demand) are directly extracted from system execution logs.
It covers extreme workloads (e.g., particle effects and
high-polygon scenes) and is used to train the prediction
model. Blender-PhysLight Scenes contains strong temporal
dependencies and high-resolution textures; its volumetric
scattering causes abrupt compute surges, testing temporal
prediction sensitivity. Multi-GPU TraceSet records node
load traces from 3 different GPU architectures, capturing
fine-grained metrics (memory bandwidth, temperature,
real-time power) to evaluate scheduler stability in
heterogeneous environments. The detailed statistics, feature
dimensions, and primary uses of these three datasets are
summarized in Table 1.

Table 1. Dataset Statistics

Featu
Dataset Scale  Content re Primary Use
Dim.
Real
12,48 {Z;f:rmg Model
StudioRender-1 7 S 32-di  training and
2K frame 1nc1udlng m overall
logs rpate'rlals, validation
lighting, path
depth, etc.
40 Volumetric
scene  light, Temporal
Blender-PhysLi s x multi-scatteri 28-di  prediction
ght Scenes 300 ng materials, m capability
frame area-light evaluation
s sequences
8,000 Rendering
recor  time, Heterogene
Multi-GPU ds memory 12di O
TraceSet from  usage, m scheduling
3 power, and energy
GPU bandwidth, analysis
types  etc.

The hardware setup used in the experiments is shown in
Table 2. Three GPU architectures are included to simulate a
real heterogeneous computing environment.

Table 2. Experimental Hardware Configuration

NVIDIA

RTX Ryzen 7 1TB Ubuntu
Node-B 579 3700X 32GB - gop 22.04

(8GB)

NVIDIA

RTX Intel 1TB Ubuntu
Node-C 4579 i5-12600k  >29B  gsp 22.04

(12GB)

The selected GPUs cover both Ampere and Ada
architectures, with memory capacities ranging from 8GB to
12GB, enabling effective evaluation of the scheduler’s
allocation capability under resource heterogeneity.

To comprehensively evaluate the proposed prediction
and scheduling modules, the metric system in Table 3 is
adopted. This system forms a complete evaluation
framework from four perspectives: prediction accuracy,

multi-objective scheduling performance, system stability,

and statistical significance.
Prediction metrics measure the model’s capability to
capture frame-level compute patterns; scheduling metrics

reflect resource optimization objectives; stability metrics

ensure robustness under high load; statistical metrics

validate whether the improvements are significant, jointly

supporting  the core goal of the
“prediction-scheduling integrated framework.

proposed

Table 3. Experimental Evaluation Metrics

Metric Type Metrics Meaning & Purpose
Measure  compute-demand
i AL Ruse, 90, e din
Metrics MAPE p » evalus
temporal prediction
capability
' Ave.  Latency, Rgf'lect' latency, node
Scheduling I utilization, and per-frame
. GPU Uftilization, .
Metrics Enerey/Frame energy; core metrics of
gy multi-objective scheduling
Stabili Std. of Latency, Assess robustness under
ity Task Completion load fluctuations and task
Metrics
Rate bursts
Significance Paired t-test, Compare basclines and the
. proposed method for
Metrics p-value

statistical significance

4.2 Baselines

To thoroughly evaluate the proposed prediction-scheduling
integrated framework, two categories of baselines are
selected: classical rule-based schedulers (Classic) and
state-of-the-art learning-based schedulers (SOTA). Table 4
summarizes the mechanisms, strengths, and limitations of
the selected approaches.

Table 4. Overview and Analysis of Baseline Methods

Node GPU CPU RAM  Storage OS
NVIDIA
RTX Ryzen 5 1TB Ubuntu
Node-A 560 5600X 32GB - gop 22.04
(12GB)

2 EA

7

Core
Type  Method Mechani  Advantages Limitations
sm
Class Round-Robi Distribut  Simple to Ignores  task
ic n (RR)[28] es tasks implement; characteristics
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in a suitable for and node LLB
+ + +
fixed light-load differences; (SOTA) 151.6+4.2 67.9£2.1 1.04£0.04
order scenarios cannot handle RSA
.8+4. RESE .02=0.
compute (SOTA) 147.8+4.6 69.1£1.8 1.02+0.04
fluctuations Ours 131.5+4.8 71.842.5 0.94+0.05
. Based on
Assigns d . o ) o
tasks Reduces Instantaneous Statistical testing further confirms the significance of the
Class LeastLoad o ed on local state;  lacks performance improvements. A paired t-test with RSA shows
) First congestion  foresight; . . _ _
ic current . that the differences in latency (t = 2.85, p = 0.021) and
(LLF)[29] 4 in the short unstable  for . ..
node term long-sequence energy (t = 2.§3, p= 9.034) are statistically .51gn1ﬂcapt (p<
load rendering 0.05), indicating reliable performance gains despite the
Uses Fail del inherent rendering workload fluctuations. These results
task and Captures als to mode validate the contribution of the compute prediction module
. . frame-sequenc .. . . . ..
Learning-ba  node static load . in improving the consistency of scheduling decisions.
SOT  sed Load features  characterist dependencics: Furthermore, regarding real-time applicability, empirical
A Balancer to ies;  finer measurements indicate that a single scheduling decision
(LLB)[30] predlctt' SChed;ﬂu.lg adaptability to requires an average overhead of only 2.4 ms (comprising
EX:(f; o granularity oot changes ~1.5 ms for GRU sequence inference and ~0.9 ms for
Lacks multi-objective cost calculation). This minimal footprint
Reinforcem  Policy Highly compute-predi easily satisfies the strict 33.3 ms budget required for
sor ot learning  adaptive; ction  inputs; standard 30 fps frame-level rendering, ensuring the
A Scheduling  based on dynamicall  decisions are scheduler itself does not bottleneck the pipeline.
Agent node y  adjusts reactive; Training-process analysis (Figure 5) reveals notable
(RSA)[31]  states strategy unstable under differences in optimization characteristics. Our method
heavy load converges within 18 = 4 epochs, with the final loss

These baselines span strategies from rule-driven —
learning-driven, providing comprehensive coverage for
evaluating improvements in complexity modeling, temporal
prediction, and proactive scheduling. Classic methods
emphasize fairness and lightweight design, serving as
essential references for verifying baseline system
effectiveness. SOTA methods exhibit learning capabilities
but still lack deep understanding of rendering tasks,
particularly  regarding temporal dependencies and
multi-objective  optimization. Thus, these approaches
constitute reasonable comparison points for the proposed
method.

4.3 Quantitative Results

Table 5 compares the proposed method with four baseline
approaches across three core metrics. The results show that
our method significantly outperforms all baselines in terms
of average latency, GPU utilization, and energy efficiency.
Specifically, the average latency is reduced from 182.4 ms
(RR) to 131.5 ms, GPU utilization increases to 71.8%, and
per-frame energy consumption decreases to 0.94 .
Compared with the best-performing baseline (RSA), our
method improves the three metrics by 11.0%, 3.9%, and
7.8%, respectively.

Table 5. Scheduling Performance Comparison (Avg.
Latency| / Utilization? / Energy|)

GPU

stabilized at 0.28 0.05, achieving a convergence speed
18 - 25% faster than LLB (24 %5 epochs) and RSA (27+6
epochs). More importantly, the loss-curve fluctuation range
(0.04 - 0.09) is significantly smaller than that of the
baselines (LLB: 0.11 - 0.18; RSA: 0.12 - 0.22), reducing
fluctuations by approximately 45 - 55%.

This stability advantage mainly stems from the
discriminative representations produced by the task feature
encoder and the smoothed gradient flow introduced by the
temporal predictor. From the convergence trajectory, our
method exhibits a loss-reduction rate of 0.09 per epoch in
the first 5 epochs, whereas the baselines achieve only
0.05 - 0.07 per epoch, demonstrating that the joint
optimization strategy effectively accelerates training. In
addition, the post-convergence oscillation (around 0.03,
with occasional spikes up to 0.07 during complex material
transitions) verifies the model’s robust adaptability to
changes in load distribution while acknowledging the
inescapable noise in heterogeneous clusters.

Method Avg. Latency Utilization EJnergy/Frame wl | . . - " -
(ms) (%) Q) Bpoch

RR 182.4+6.4 61.3+£3.2 1.12+0.07

LLF 164.7+£5.5 64.842.8 1.08+0.05 Figure 5. Convergence Curve
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4 4 Qualitative Results

To further examine model behavior in complex rendering
scenarios, we conduct fine-grained analysis through three
representative cases (Figure 6) and quantitatively evaluate
the quality of their scheduling decisions.

Case A: Fast Camera Motion Case B: Volumetric Lighting

Case C: Multi-matcrial Scenc

Figure 6. Case Visualization

Case A (High-frequency camera motion) reveals the
inability of baseline methods to respond to sudden load
surges. Quantitative analysis shows that RR and LLF incur
a decision lag of 35-50 ms after the load spike, resulting in

3-5 consecutive frames being assigned to overloaded nodes.

In contrast, our method predicts rising load 2-3 frames
ahead (approximately 40-60 ms) via the temporal
prediction module, distributing tasks to nodes with >30%
spare capacity and preventing performance jitter.

Case B (Complex volumetric lighting) validates the
critical role of the prediction module in managing compute
peaks. When lighting intensity increases abruptly,
learning-based methods such as RSA, lacking foresight,
experience local congestion, with utilization imbalance
variance reaching 0.25. Our method distributes peak-load
tasks across three available nodes using predicted compute
demand, reducing variance to 0.09 and cutting congestion
risk by 64%.

Case C (Multi-material mixed scene) highlights the
feature encoder’s adaptability to irregular loads. Material
changes induce non-periodic fluctuations; traditional
methods show a frame-time standard deviation of 28.3 ms.
Leveraging high-dimensional representations, our method
accurately captures material-related computational patterns
and reduces the standard deviation to 12.1 ms, improving
task-distribution stability by 57%.

These case studies collectively demonstrate that through
the synergy of temporal prediction (delay avoidance),
feature  encoding  (heterogeneity  adaptation), and
multi-objective optimization (balanced resource allocation),
the proposed model achieves substantial performance
improvements in dynamic rendering environments.
However, error analysis reveals that extreme scenarios,
such as render-time stochastic physics or highly
non-physical materials, can still cause occasional prediction
deviations. This limitation is fundamentally tied to the
current feature representation ability, as compressing
complex runtime variations into fixed-dimensional vectors
inevitably loses fine-grained nonlinear details, highlighting
a direction for future representation enhancement.

4.5 Robustness

To systematically evaluate the robustness of the proposed
model, we conducted tests under multi-task scenarios, noise
interference, and cross-dataset conditions. Figure 7
quantitatively analyzes the variation of average latency
under different noise intensities (0% to 20%).

260 1[-% rr
LLF
= 240 7|-8- RSA(SOTA)
£ =0~ Ours
> 220 1
=]
£
£ 200 4
=
—
g, 180 1
=
b
z 160
140 M
120 T T T T T

0% 5% 10%

Noise Intensity (%)

15% 20%

Figure 7. Robustness Evaluation lllustration

Under extreme conditions involving feature noise
(Gaussian noise, ¢ = 0.15) and node-state noise (£20%
perturbation), the performance degradation of the proposed
method remains within 11.6%, significantly lower than RR
(34.2%), LLF (28.5%), and RSA (19.4%). When the noise
intensity reaches 20%, our method achieves a latency of
146.8 = 6.2 ms, whereas RSA rises to 176.5+8.4 ms,
demonstrating ~ superior  anti-interference  capability
compared with the best-performing baseline despite the
inevitable performance cost introduced by severe state
uncertainty.

The robustness advantage arises from its intrinsic
error-suppression mechanisms: the task feature encoder
attenuates the influence of input noise by approximately
50 - 60% through multi-layer feature projection, while the
temporal predictor smooths short-term noise fluctuations
effectively using its memory units. In contrast,
instantaneous-decision methods such as LLF propagate
more than 80% of node-state noise directly into scheduling
outputs; RSA can adapt dynamically but exhibits up to 45%
decision variance under noisy conditions.

Cross-dataset testing further validates generalization
capability. On Blender scenes and real production logs
unseen during training, the performance fluctuation of the
proposed method remains under 12.4%. Although
occasional sub-optimal task placements are observed during
the initial warm-up phase on these entirely new datasets, the
ordering of key metrics remains consistent. This indicates
that the learned scheduling strategy captures cross-platform
computational  regularities rather than  superficial
dataset-specific patterns.

Furthermore, to explicitly address system stability under
extreme loads, we conducted an additional stress test by
artificially  injecting a sudden 250% surge in
high-complexity tasks within a brief time window. Under
this extreme load spike, baseline methods experienced
severe queuing bottlenecks, with average latency degrading
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by over 54.3%. In contrast, our proposed framework
maintained highly stable performance, restricting latency
degradation to within 17.8%. This resilience is directly
attributed to the temporal predictor's ability to foresee the
incoming compute surge, allowing the multi-objective
scheduler to preemptively distribute the peak workload
before local congestion occurs.

Overall, the study confirms that the cascaded
architecture, which integrates feature encoding, temporal
prediction, and scheduling decisions, effectively constructs
a noise-robust system, where feature purification and trend
extraction provide a solid foundation for stable deployment
in complex environments.

4.6 Ablation Study

To quantitatively assess the contribution of each module to
system performance, we design four ablation variants:
removing the task feature encoder (w/o TFE), removing the
temporal compute predictor (w/o TCP), removing the
multi-objective scheduler (w/o MOS), and completely
removing predictive capability (w/o Forecast). Table 6
reports the performance of each variant on the three core
metrics.

Table 6. Ablation Study Performance Comparison (Avg.

Latency| / Utilizationt / Energy|)

GPU

\I\;[ec;;lie.}n (AH\I/Sg) Latency Utilization l(EJr;ergy/Frame
(%)

w/o TFE 148.4+6.1 66.5+3.8 1.04+0.06

w/o TCP 144.6+8.5 67.2+3.5 1.02+0.07

w/o MOS 137.8+5.2 68.1+4.2 1.05+0.08

wlo 152.146.8 65.3+4.1 1.08+0.08
Forecast

QOurs (Full) 131.5+4.8 71.842.5 0.944+0.05

Quantitative analysis shows that the full model

significantly outperforms all ablations across evaluation
metrics (paired t-test, p-values ranging from 0.012 to 0.041.
Notably, the maximum p-value of 0.041 is observed when
comparing the latency against the w/o MOS variant,
aligning with our observation of its moderate latency
degradation).

Removing the task feature encoder (w/o TFE) increases
average latency by 16.9 ms (+12.9%), reduces GPU
utilization by 5.3 percentage points, and increases energy
consumption by 10.6%, confirming that structured feature
fusion is crucial for accurately capturing highly
heterogeneous task complexity.

Removing the temporal compute predictor (w/o TCP)
increases average latency by 13.1 ms (+10.0%). More
notably, its latency standard deviation surges to +8.5 ms,
and the misallocation rate raises by 19.4%, highlighting the
essential role of temporal modeling in mitigating bursty
workloads and jitter within the prediction - scheduling
framework.

Removing the multi-objective scheduler (w/o MOS)

results in only a moderate latency increase (6.3 ms, +4.8%),
but energy consumption spikes sharply by 11.7% and
utilization variance rises significantly. This decoupled
degradation demonstrates that multi-objective optimization
is critical for restricting power draw while maintaining
system stability.

Removing the temporal predictor affects latency more
severely than removing multi-objective scheduling (144.6
ms vs. 137.8 ms), verifying the foundational importance of
predictive capability for time-sensitive rendering tasks.

Completely removing prediction (w/o Forecast) leads to
deterioration across all metrics: latency increases by 20.6
ms (+15.7%) and energy consumption rises by 14.9%,
proving the necessity of the integrated
“prediction-scheduling” architecture in preventing blind
task assignments.

5. Discussion

The overall experimental results demonstrate that the
proposed prediction-scheduling integrated framework
consistently achieves stable advantages across multi-scene,
multi-task, and heterogeneous-node settings. This superior
performance does not simply stem from greater model
capacity but from the synergistic effects of the three
modules in task modeling, temporal analysis, and
scheduling decision-making. The Task Feature Encoder
transforms multi-source attributes, such as materials and
lighting, into structured representations, enabling the model
to extract critical load factors even under input noise. The
Temporal Compute Predictor captures inter-frame
dependencies, allowing the scheduler to anticipate load
surges rather than react passively, as is typical in
conventional methods. The scheduling module leverages
these forward-looking signals to maintain smooth resource
allocation even under tight resource conditions. Ablation
experiments further confirm this synergy: removing any
key module results in substantial degradation. Particularly,
as observed in our tests, disabling the multi-objective
scheduler triggers severe energy spikes rather than
proportional latency drops, indicating that system
performance arises from multi-module complementarity
and physical trade-offs rather than the independent
contribution of a single component.

Despite the robust performance, several limitations
remain. First, feature encoding depends on the attribute
space of current rendering tasks; when rendering
technologies or material systems undergo major shifts (e.g.,
highly non-physical rendering), certain feature inputs may
require adjustment to maintain generalization. Second,
temporal prediction for extremely long shots or rapid
cross-shot transitions may suffer from diluted historical
dependencies. Specifically, our supplementary
sequence-length analysis reveals that while the prediction
error remains highly stable for standard shots the error rate
gradually increases by approximately 8 - 12% for
continuous sequences exceeding 300 frames, suggesting the
need for more flexible hybrid long-short temporal structures

, EAI Endorsed Transactions on
C / Scalable Information Systems
P j | Volume 12 | Issue 10 | 2025 |

10



Adaptive Scheduling and Compute Demand Prediction for Animation Rendering Tasks Using Machine Learning

in the future. Third, while cross-dataset testing showed
promising  generalization,  occasional  sub-optimal
allocations during the initial warm-up phase on unseen logs
indicate that rapid zero-shot adaptation remains a challenge.
Fourth, our experimental validation is currently limited to a
small-scale offline GPU cluster. While large-scale
production farms introduce additional complexities, such as
network bottlenecks, communication overhead, and node
coordination failures, our lightweight prediction model and
decoupled scheduler offer strong theoretical scalability.
Validating  this framework in large-scale cloud
environments, including  cross-regional  distributed
deployments or simulators, remains a critical next step.
Fifth, the current objective function employs a linear

combination of metrics to maintain high-speed
decision-making.  Future iterations  will  explore
Pareto-based non-linear optimizations and dynamic

weight-tuning mechanisms to better address the complex
coupling between hardware utilization and actual execution
speed. Additionally, energy-consumption measurements are
collected via node-side monitoring, which in virtualized or
cloud environments may be affected by noise or sampling
frequency limitations.

From an application perspective, the proposed
framework exhibits strong practical value. For animation
rendering and virtual production teams, it can be integrated
into render farms to achieve early scheduling during load
peaks and improve resource utilization. For XR or game
engine real-time rendering, the framework can anticipate
compute peaks and prepare resources in advance, reducing
frame-rate fluctuations. In cloud rendering environments,
the prediction module can be combined with systems such
as Kubernetes to enable intelligent cross-instance and
cross-regional resource management, effectively mitigating
data transmission delays across geographically distributed
nodes. Moreover, with the rising compute demands of
AIGC-based scene generation and motion synthesis, the
forward-looking prediction mechanism can support load
balancing and peak management in model-inference
workloads as well.

Future work may proceed in several directions: (1)
incorporating differentiable internal rendering attributes
(e.g., lighting-cache variation, path reuse ratio) into the
feature space to make predictions more closely aligned with
actual rendering processes; (2) exploring online learning
mechanisms so that the model can automatically adapt
when new scenes are introduced or task distributions
change; and (3) integrating hierarchical scheduling and
cross-regional distributed optimization in large-scale
clusters to reduce WAN latencies, communication costs and
enhance scalability.

Overall, the performance advantages observed in this
study have clear mechanistic foundations and provide a
solid basis for developing more intelligent and scalable
rendering-scheduling systems.

6. Conclusion

This study addresses the highly dynamic compute demand
and complex resource requirements of animation-rendering
tasks in heterogeneous GPU environments and proposes an
adaptive scheduling framework that integrates task-feature
modeling, temporal compute prediction, and
multi-objective scheduling optimization. Unlike traditional
methods that rely on static rules or single-objective
heuristics, this work constructs an end-to-end pipeline
spanning feature representation, temporal load prediction,
and final scheduling decisions, enabling the scheduler to
respond proactively before load changes occur.
Experimental results show that the proposed framework
achieves significant improvements over the best baseline
(RSA) across all three core metrics (paired t-tests
confirming statistical significance, with p-values ranging
from 0.012 to 0.041). Ablation studies quantitatively verify
module complementarity: feature encoding captures highly
heterogeneous task complexity (removal increases latency
by 12.9%), temporal prediction provides forward-looking
decisions to mitigate bursty workloads (removal triggers a
surge in latency jitter and increases misallocation rate by
19.4%), and multi-objective scheduling enforces critical
resource boundaries (removal spikes energy consumption
by 11.7% and increases utilization variance). This
synergistic mechanism ensures robustness, restricting
performance degradation to within 11.6% even under 20%
noise intensity, while maintaining strong generalization
across cross-dataset conditions and dynamic workloads.

From an academic perspective, although this study does
not introduce fundamentally new mathematical algorithms
or theoretical advancements, it demonstrates significant
innovation in system-level integration and practical
engineering. It  introduces a  tightly  coupled
machine-learning-based paradigm for modeling rendering
compute demand, offering an interpretable mechanism for
dynamic task scheduling by capturing continuous
inter-frame load variations. The explicit coupling of task
features, temporal dependencies, and hardware constraints
provides a scalable theoretical foundation for future
research. From a practical standpoint, the framework
demonstrates strong potential to be adapted for animation
production, virtual cinematography, game-engine rendering,
and XR content generation, enabling render clusters to
more efficiently allocate resources during peak periods,
reduce queuing delays, and increase throughput. However,
to fully substantiate this implementation potential, further
validation in large-scale production environments remains
an essential next step prior to industrial deployment. The
multi-objective scheduling mechanism also offers a
finer-grained method for energy optimization, making it
suitable for energy-sensitive or cost-constrained rendering
environments. Furthermore, the modular architecture
facilitates integration with existing rendering pipelines,
cloud-rendering  platforms, and container-scheduling
systems, offering strong engineering applicability.

Future research may advance in three directions. First,
incorporating observable internal rendering variables such
as lighting-cache changes and path-reuse ratios may yield
prediction models more closely aligned with actual
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rendering processes. Second, exploring online learning and
domain adaptation can enable continuous updates when
scenes evolve or task distributions shift, enhancing
adaptability in long-term projects. Third, for large-scale
GPU clusters, distributed scheduling and hierarchical
resource-management strategies may improve scalability
and communication efficiency. Overall, this study not only
demonstrates stable and effective empirical performance
but also provides a feasible pathway for building more
intelligent and scalable rendering-scheduling systems,
laying a methodological foundation for future cross-domain
compute-management research. Due to strict confidentiality
agreements regarding the commercial rendering logs, full
raw datasets cannot be made public; however, a sanitized
minimal subset of the data and the core scheduling
pseudocode are available from the corresponding author
upon reasonable request to support reproduction.
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