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Abstract

Electricity-computing synergy has emerged as a critical paradigm, which not only
leverages green energy to satisfy the escalating energy demands of data centers but
also exploits the operational flexibility of data centers to mitigate the uncertainty
and volatility of renewable energy. Realizing this synergy requires efficient resource
management strategies like job scheduling and auto-scaling, all of which depend
on accurate probabilistic workload forecasting. However, workload forecasting
confronts high-dimensional uncertainty driven by both temporal dynamics, arising
from periodic user behavior, and job-induced dynamics, caused by distributed tasks
running across multiple machines.To address this, we propose a Graph-Conditioned
Dual-Branch Diffusion Model (GD-Diff). We identify implicit inter-machine
correlations by analyzing job co-occurrence patterns and introduce a dual-branch
structure embedded within the noise prediction network to decompose the modeling
process, where one branch focuses on modeling temporal dynamics while the other
captures sharp, job-induced dynamics. Experiments on public datasets demonstrate
that our model achieves state-of-the-art performance in both deterministic and
probabilistic forecasting, notably improving CRPS metrics by 5.43%.

1 Introduction

Workload forecasting is a fundamental task to realizing electricity-computing synergy, which is
becoming increasingly important for modern data centers [6]. It supports proactive scheduling
and resource allocation on the computing side [21} 28], while facilitating the alignment of energy
demands with renewable generation and storage operations on the electricity side [[7]. Through
such coordination, data centers can align large-scale Al-driven electricity demand with the temporal
variability and geographical distribution of wind and solar resources, realizing electricity-computing
synergy [10].

However, workload forecasting remains challenging because workload traces in modern data centers
exhibit substantial volatility [31}[36]], as shown in Figure[I|a). Prior trace analyses show that produc-
tion workloads are shaped by diverse operational factors, such as heterogeneous resource demands
and dynamic scheduling decisions. These factors are entangled in observed traces, where irregular
fluctuations from heterogeneous sources obscure predictable patterns and cannot be adequately
captured by temporal correlations alone, ultimately degrading forecasting accuracy.

Existing methods typically formulate workload forecasting as a trace-based time-series prediction
problem, extrapolating future resource utilization from historical observations using statistical mod-
els [3]], recurrent neural networks [8, |2} |37, 135]], and Transformer-based architectures [22]. These
methods are deterministic and focus on point prediction, without explicitly characterizing the uncer-
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Figure 1: Workload volatility is structured, dynamic, and aligned with job scheduling. (a)
Workload fluctuates substantially across days around the daily mean. (b) Cross-machine residuals
form block-structured correlations rather than independent noise. (c) Inter-machine correlations
decay over time yet stay above a random baseline, indicating dynamic yet edge-specific dependencies.
(d) Stronger past job co-occurrence predicts stronger future cross-machine volatility correlation.

tainty caused by workload volatility. Point forecasts alone are insufficient for electricity-computing
synergy, where scheduling and energy procurement decisions require quantified uncertainty to hedge
against workload fluctuations. Recent studies have introduced probabilistic forecasting models to
characterize predictive uncertainty [25| [12]]. However existing approaches primarily rely on temporal
correlations within individual sequences, lacking an explicit mechanism to model the sources of
volatility. The structural origin of volatility remains unexploited.

To better understand this challenge, we analyze workload traces together with job scheduling logs, and
observe that workload volatility exhibits structured and time-varying cross-machine patterns whose
strength aligns with historical job co-occurrence (Figure|[T). We refer to this structured component of
volatility as job-induced dynamics: variations rooted in the scheduling layer that carry exploitable
structure beyond regular temporal evolution. A detailed breakdown is deferred to Section 2]

Motivated by these observations, we propose GD-DIiff, a job-aware graph-conditioned diffusion
framework for probabilistic workload forecasting. (1) Inspired by the observed association between
job co-occurrence and workload volatility, we first construct a job-induced weighted dynamic graph
from scheduling logs. The graph transforms job co-occurrence into time-varying inter-machine
dependencies, providing explicit structural signals of job-induced volatility. (2) Building on this
graph, we design a dual-branch noise prediction network within a diffusion framework to decompose
job-induced dynamics from regular temporal evolution. The temporal branch captures regular
workload dynamics from historical traces, while the graph branch models job-induced dynamics.
Their outputs are fused to guide diffusion denoising, enabling GD-Diff to derive reliable prediction
intervals for risk-aware electricity-computing synergy.

Our main contributions are summarized as follows:

* We reveal that workload volatility exhibits exploitable cross-machine structure driven by
job co-occurrence, and formalize this finding as a job-induced weighted dynamic graph that
transforms scheduling logs into time-varying inter-machine dependencies.

* We propose GD-Diff, a graph-conditioned diffusion framework that decomposes job-induced
dynamics from regular temporal evolution through a dual-branch noise prediction network.



62
63
64

66

67
68
69
70
71
72
73
74
75
76

77

78
79
80
81

82
83
84
85
86
87

88
89
90
91
92
93
94
95
96
97

98

99
100
101
102
103
104

106
107
108
109
110

» Extensive experiments on Alibaba Cluster and Google Cluster show that GD-Diff achieves
state-of-the-art performance in both point and probabilistic forecasting. Ablations further
validate the job-induced dynamic graph and dual-branch architecture.

2 Preliminary

2.1 Job-Workload Mechanism in High-Performance Clusters

In production clusters, machine-level workload is not an isolated time-series signal, but the continuous
resource-usage outcome of a hierarchical job execution process. Users submit jobs to the cluster, and
each job is decomposed into tasks or instances by the cluster management system. The scheduler then
places these tasks or instances onto physical machines according to resource requirements, machine
availability, and placement constraints. During execution, each task or instance consumes resources
over time, and the observed workload of a machine is the aggregate resource usage of all running
tasks or instances assigned to that machine. This mechanism establishes a natural connection between
job scheduling and workload variation: when tasks or instances from the same distributed job are
placed on multiple machines, their execution introduces temporally aligned workload variations
across these machines, which we refer to as job-induced dynamics.

2.2 Empirical Analysis of Workload Volatility

We empirically validate the above mechanism on real cluster traces. For cross-machine analyses, the
regular daily pattern is removed from each machine ¢ via a leave-one-day template, where each day’s
residual is computed against the per-minute mean profile of the remaining days, yielding residual
signals r;(¢). Full preprocessing and analysis hyperparameters are provided in Appendix

Figure [[(a) shows that workload exhibits wide cross-day percentile bands around the daily mean
profile, revealing substantial volatility on top of regular daily patterns. To examine whether such
volatility is purely independent machine-level noise, the Pearson correlation matrix of r;(¢) across
machines is computed within sliding windows. As shown in Figure [I{b), a representative high-
contrast window exhibits pronounced block structure, indicating that volatility carries structured
cross-machine dependencies.

A natural follow-up question is whether these dependencies are static or evolve over time. Modeling
each machine pair as an edge with time-varying weight W ;(t) = |corr;;(t)|, the lagged correlation
corr(W;;(t), Wi, (t+7)) decays with 7 yet stays above a null baseline that randomizes edge identities
across time while preserving each snapshot’s weight distribution (Figure[T|c)), indicating that inter-
machine dependencies are time-varying yet edge-specific rather than randomly reconfigured. To trace
these dynamics back to job scheduling, we construct a job-induced edge weight from scheduling logs
based on machine-pair co-occurrence in distributed jobs (formalized in Section [3)), and group machine
pairs into quintiles by this weight. The average future volatility correlation increases monotonically
across quintiles (Figure[I(d)), showing that stronger historical job co-occurrence systematically leads
to stronger future cross-machine synchronization.

Together, these observations show that workload volatility is substantial, structured across machines,
dynamic, and aligned with job scheduling. Yet scheduling logs alone cannot fully explain workload
variation, as unobserved runtime factors such as co-location interference and resource contention also
shape resource usage. Workload variation is therefore decomposed into a job-induced component
observable from scheduling logs and a residual component aggregating unobserved effects, motivating
GD-Diff to represent job-induced dynamics through an explicit dynamic graph while accounting for
volatility through a probabilistic formulation.

3 Methodology

Problem formulation. We address probabilistic multivariate time-series forecasting of machine-
level workloads in production clusters. The data is denoted as X = [X°, X*] ¢ RV*(L+K)
where N is the number of machines, X“° € RV X the observed history over the past L steps, and
Xte ¢ RVXXK the prediction target over the next K steps. The job scheduling records available at
forecasting time ¢ are denoted by J<;. They contain only the observed history of job executions up
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Figure 2: Overall architecture of the proposed Dual-Branch Diffusion Model. The framework
decouples workload dynamics into temporal and job-induced components through a parallel noise
prediction network.

to ¢, including job start records and the machines on which their tasks have been observed. Future
job arrivals, future task placements, and completion information after ¢ are not used. Our goal is to
characterize the distribution of X** conditioned on the past workload and the job schedule

po (X1 | X0, J<y) . (1

GD-Diff overview. GD-Diff models this distribution as a conditional denoising diffusion prob-
abilistic model, in which a noise predictor ¢y iteratively denoises Gaussian samples into target
workloads while conditioning jointly on past observations X “ and a job-induced dynamic graph
G. As illustrated in Figure 2] GD-Diff comprises three components: (1) a job-induced dynamic
graph G constructed from J<; that exposes inter-machine dependencies driven by distributed
jobs (Section [3.1I)); (2) a dual-branch design of €, that decouples regular temporal evolution from
graph-driven structural fluctuations (Section ; and (3) the conditional diffusion framework that
turns €y into a probabilistic forecaster (Section .

3.1 Job-Induced Dynamic Graph Construction

To explicitly encode job-induced inter-machine dependencies, we construct a job-induced weighted
dynamic graph from scheduling logs based on machine-level job co-occurrence.

From a job to machine-pair edges. At each historical time step 7 < ¢, let i) c{1,...,N}
denote the set of machines on which job J,,, has tasks observed running at 7, as recorded in J<¢. An
active job spanning multiple machines induces co-occurrence edges among those machines. For any
pair (i, 7) with 4, j € V,(nT ), machines ¢ and j are considered to jointly execute job .J,,, at time 7. Thus,
a job observed on ¢ machines contributes to the (‘21) pairwise co-occurrence edges among them.
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Job co-occurrence intensity. Aggregating the edge contributions of all jobs at time 7, we define
the job co-occurrence intensity between machines ¢ and j as

c}y?:ZH(ieV},j)/\jeV,({)), i # J, @

m

and set Cf;) = 0. Therefore, Ci(;) counts how many jobs are jointly observed on machines ¢

and j at time 7. A larger CZ-(;-) indicates stronger job-induced inter-machine dependencies, and is
empirically associated with stronger future volatility correlations, as shown in Figure[T[d). The matrix
C(7) € RVN*N therefore forms a weighted job co-occurrence graph at time 7.

Dynamic graph sequence. Repeating the above construction at each historical time step yields a
sequence of raw job co-occurrence graphs, Cf%; . ;. = {C Sl S 41> which captures how job-
induced inter-machine dependencies evolve with scheduling over time. Only job-machine assignments
observed no later than the forecasting time ¢ are used; future job arrivals, task-machine assignments,
and completion events are excluded.

Graph normalization and sparsification. To stabilize the scale of edge weights, we normalize
the co-occurrence intensities using min—max statistics computed only from the training set: C’i(;) =

(C,L-(;-) — Cfr‘;ﬁi“) J(Ctain Cﬁfﬁin + J), where 4 is a small constant for numerical stability. We then

retain, for each machine, only the %k strongest normalized co-occurrence dependencies:
G =7 1(j e TopK(CL7) k 3
ij — Cij J P iy . 3

The resulting dynamic graph sequence G° = {G (T)}i:t_ 741 constructs time-varying inter-machine
dependencies from job co-occurrence and is fed into the graph branch of the dual-branch noise
predictor.

3.2 Dual-Branch Noise Prediction Network

As discussed in Section 2] workload volatility stems from two heterogeneous sources: regular
temporal evolution driven by periodic user behavior, and job-induced dynamics driven by distributed
scheduling. To disentangle them in the noise prediction process, we design €g as a dual-branch
network: a temporal branch captures regular temporal evolution along the time axis, and a graph
branch captures job-induced dynamics along the machine axis through the dynamic graph G°°.

Decomposed dual dynamics. Given a hidden representation H derived from X and X/*, the
two branches extract complementary representations in parallel with the diffusion-step embedding
e = Emb(k) injected into both:

Hy = Transformer(H + ek), 4)
Hg = GatedGCN(H + e, G°°). 3)

The temporal branch operates along the time axis to capture regular temporal evolution. The graph
branch propagates messages along the machine axis under the job co-occurrence edges in G, with a
learned gate that modulates how much neighbor information is injected. This replaces the inter-feature
transformer used in standard CSDI [27] so that inter-machine dependencies are modeled via explicit
job-induced dynamic structure rather than purely learned attention.

Adaptive gated fusion. The relative dominance of regular temporal evolution versus job-induced
dynamics shifts over time. We fuse the two representations with a time-variant gate

A = 0(Wyate(H7 + Hg)) € (0,1), (6)
producing the fused representation
Hfused:)\QHT""(l_A)@Hgy (7)

from which the predicted noise € is obtained. A value of A close to 1 indicates a state dominated by
regular temporal evolution, while a value close to 0 signals strong job-induced dynamics.
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Table 1: Deterministic forecasting results on Google Cluster Trace and Alibaba Cluster Trace. All
results are reported as mean =+ standard deviation over three random seeds. Lower values indicate
better performance. The best results are highlighted in bold and the second-best results are underlined.

Dataset  Model 606 6030
MAE RMSE MAE RMSE

GRU 0.0650 +£ 0.0022 0.0890 £ 0.0028 0.0727 £ 0.0054 0.0973 £ 0.0046
TimeMixer 0.0543 £ 0.0003 0.0849 £ 0.0045 0.0643 £ 0.0004 0.0942 £ 0.0005
iTransformer 0.0544 + 0.0001 0.0818 £ 0.0000 0.0642 + 0.0000 0.0949 £ 0.0000
AGCRN 0.0540 + 0.0000 0.0803 £ 0.0005 0.0633 &£ 0.0005 0.0923 £ 0.0005
PatchTST 0.0541 + 0.0000 0.0815 £ 0.0000 0.0637 £ 0.0000 0.0945 £ 0.0000

Google  TimeFilter 0.0539 £ 0.0001 0.0813 £ 0.0002 0.0643 £ 0.0001 0.0949 £ 0.0002
TMDM-+NSTrans 0.0665 + 0.0008 0.0941 £ 0.0009 0.0740 +£ 0.0020 0.1050 £ 0.0028
DiffSTG - - - -
D3U 0.0585 + 0.0039 0.0596 =+ 0.0372f 0.0672 £ 0.0028 0.0973 £ 0.0022
CSDI 0.0533 + 0.0005 0.0807 £ 0.0006 0.0634 + 0.0010 0.0940 £ 0.0015
GD-Diff 0.0524 £ 0.0001 0.0795 +0.0001 0.0615 £ 0.0007 0.0905 + 0.0009
GRU 6.4890 + 0.3387 8.4730 + 0.2897 8.5113 £ 0.3771 10.8090 + 0.5466
TimeMixer 4.5947 £ 0.0349 6.4605 + 0.0464 5.7344 £ 0.0792 8.2124 + 0.0939
iTransformer 4.5817 £+ 0.0048 6.4548 + 0.0080 5.7588 £ 0.0137 8.1880 £ 0.0143
AGCRN 4.8393 £+ 0.0314 6.7420 + 0.0419 6.0683 £ 0.0165 8.6990 + 0.0955
PatchTST 4.5402 £ 0.0045 6.3860 + 0.0050 5.6522 + 0.0197 8.0808 + 0.0109

Alibaba  TimeFilter 4.5156 £ 0.0053 6.3829 + 0.0110 5.7179 £+ 0.0382 8.2162 + 0.0964
TMDM-+NSTrans 5.3833 £ 0.1039 7.4365 + 0.1260 6.6318 £ 0.4736 9.2438 + 0.5939
DiffSTG 8.2000 + 0.3197 12.7300 + 1.1630 8.4633 £ 1.3056 11.8733 + 1.4346
D3U 4.9502 + 0.2565 6.6798 £+ 0.1718 5.9452 £ 0.1019 8.3266 + 0.0356
CSDI 4.7331 £ 0.0604 6.6396 + 0.0859 6.1252 + 0.2708 9.2129 + 0.7587
GD-Diff 4.4281 + 0.0603 6.4637 + 0.1068 5.4736 +£0.0265 8.0390 + 0.0685

Note. TThe RMSE result of D3U on Google 60—6 contains an abnormal seed value and is not considered when marking
the best and second-best results.

3.3 Graph-Conditioned Diffusion Framework

With the noise predictor ey defined above and the dynamic graph G° defined in Section [3.1] we
now situate them within the conditional DDPM framework [13} 27] that completes GD-Diff. The
forward process gradually corrupts the clean target X* into Gaussian noise over 7' steps under a
fixed variance schedule {3, }7_,. The reverse process learns to invert this corruption by repeatedly
applying €y, jointly conditioning on the observed history X “° and the dynamic graph G¢°. The model
is trained with the standard noise-matching objective:

£(0) = Exe oo, geo,c 1| e = eo (X0, k[ X2, 6) 3], )
where k ~ Uniform{1,...,T} and e ~ N(0,I). At inference, the trained € is applied iteratively
to denoise Gaussian samples into plausible workload trajectories, yielding both point estimates and
prediction intervals for risk-aware downstream decision-making.

4 Experiments

4.1 Experimental Setup

Experimental Setup. We evaluate GD-Diff on two public production cluster traces: Alibaba
Cluster Trace 2018 [L1], which records resource usage and job scheduling logs of about 4,000
machines over 8 days, and Google Cluster Trace 2019 [34], which records resource usage and
scheduling logs of a Borg cell over one month. For both datasets, we construct a 100-machine
subset, with 1-minute resolution for Alibaba and 5-minute resolution for Google according to their
resolution. The look-back window is fixed to L = 60, and we evaluate two forecasting horizons,
K € {6,30}. We compare GD-Diff with deterministic forecasting models, including GRU [3],
AGCRN [17], TimeMixer [29], iTransformer [20]], PatchTST [23]], and TimeFilter [[14]], as well as
generative forecasting models, including CSDI [27], DiftfSTG [32], TMDM [19], and DU [16]. All
models are trained with three random seeds {2024, 2025, 2026} on NVIDIA RTX 4090 GPUs, and
we report the mean and standard deviation across runs. At inference, GD-Diff draws 100 samples
from the diffusion process. We use MAE and RMSE to evaluate point forecasting accuracy and CRPS
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Table 2: Probabilistic forecasting results on Google Cluster Trace and Alibaba Cluster Trace. All
results are reported as mean =+ standard deviation over three random seeds. Lower CRPS indicates
better probabilistic forecasting quality. The best results are highlighted in bold and the second-best
results are underlined.

Google Alibaba
60—6 60—30 60—6 60—30

TMDM+NSTrans  0.0517 £ 0.0007 0.0556 £ 0.0005 4.2222 £ 0.1048 4.8792 £ 0.3192
DiffSTG - - - -
D*U 0.0431 £ 0.0024 0.0495 £ 0.0010 3.5133 £ 0.1503 4.2715 £ 0.0180

Model

CSDI 0.0393 £ 0.0003 0.0468 £ 0.0008 3.4727 £ 0.0775 4.4099 £ 0.2149
GD-Diff 0.0381 4+ 0.0000 0.0452 +0.0005" 3.2244 +0.0252 4.0320 + 0.0303

Note. TThe CRPS result of GD-Diff on Google 60—30 is computed from the available seeds and should be updated
after the missing seed is completed.

=@=GD-Diff (Ours) =—#=— CSDI =#— PatchTST

(a) Horizon 6 (b) Horizon 30
5.0 7.0 1
4.8 A
6.5
w 4.6 1
< 6.0 1
= 4.4
5.5 A
4.2 A
5.0
4.0 A
Q1 Q2 Q3 Q4 Q5 Q1 Q2 Q3 Q4 Q5
Edge-weight quantile Edge-weight quantile

Figure 3: Ablation study results comparing GD-Diff against three controlled variants. Reported
values represent the average performance across both 6-step and 30-step forecasting horizons.

to evaluate probabilistic forecasting quality, where lower values indicate better performance for all
metrics. Full hyperparameter settings are provided in Appendix [B]

4.2 Main Results

Table[T]reports deterministic forecasting results on Google and Alibaba datasets, averaged over three
random seeds. GD-Diff achieves the best MAE in all four (dataset, horizon) settings and the best
RMSE in three of four, demonstrating that job-induced structural conditioning consistently improves
the central forecast while remaining competitive under squared-error evaluation. Among the baselines,
recent Transformer-based methods (TimeFilter, PatchTST, iTransformer) form the strongest pool but
treat each machine independently and miss the scheduling-induced cross-machine structure. AGCRN,
equipped with a self-adaptive AVWGCN graph, reaches the level of the strongest temporal baselines,
indicating that data-driven adaptive graphs recover part of the inter-machine dependency, whereas
DiffSTG, built on a predefined adjacency, cannot adapt to the dynamic dependencies driven by job
scheduling.

Table [2] reports probabilistic metric CRPS. GD-Diff attains the lowest CRPS across all settings,
outperforming all probabilistic diffusion baselines including CSDI, TMDM, and the recent D3U. This
indicates that architectural refinements to the diffusion framework alone do not translate into gains
on cluster workload forecasting; calibrated uncertainty additionally requires modeling the structural
source of volatility, which GD-Diff captures through its job-induced graph and preserves through the
dual-branch noise predictor, driving consistent state-of-the-art performance.
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Figure 4: Ablation study results comparing GD-Diff against three controlled variants. Reported
values represent the average performance across both 6-step and 30-step forecasting horizons.

4.3 Ablation Study

To examine the contribution of the two core designs in GD-Diff (the job-induced dynamic graph and
the parallel dual-branch noise predictor), we compare the full model against two controlled variants:

» w/ Self-Adaptive Graph: replaces G°° with a learnable latent graph inferred from workload
data, removing the explicit scheduling-derived structure.

» w/ Cascaded T—G: replaces the parallel dual-branch design with a serial T—G structure
(the temporal module followed by the graph module), keeping G°° unchanged.

Effect of the job-induced graph. The w/ Self-Adaptive Graph variant recovers part of the loss but
still trails GD-Diff, indicating that purely data-driven graph learning struggles to infer the dynamic
inter-machine dependencies. Together, these results show that GD-Diff’s gains come from the
inter-machine structure induced by job co-occurrence

Effect of the parallel dual-branch design. The w/ Cascaded T—G variant also underperforms
GD-Diff, showing that simply stacking the temporal and graph modules is less effective than modeling
them in parallel. In the serial T—G structure, temporal modeling is applied before graph branch,
which weakens the independent extraction of job-induced dynamics. This supports our parallel dual-
branch design, where regular temporal evolution and job-induced dynamics are modeled separately
and then fused adaptively.

5 Related Work

5.1 Deterministic Workload Forecasting

Early statistical approaches were limited to linear patterns and sensitive to volatility [3} 1} [18]]. With
the rapid development of deep learning, Recurrent Neural Networks particularly LSTM and GRU,
have been employed to handle non-linear sequential dependencies in workload forecasting [18, 22} 137].
Researchers also proposed hybrid models to better capture features: Chen et al. [4] fused SG filter,
CNN, BiLSTM with attention to extract local features; Zhao et al. [38]] combine Time-Frequency
Enhanced GRU with Attention extract features from both the frequency and temporal domains; and
esDNN [35] modeled multivariate correlations to capture cross-series dependencies. Most recently,
CATScaler [22]] have advanced long-sequence forecasting by developing a convolution-augmented
transformer to accurately predict workload changes at both local and global levels.

Despite these advancements, most existing approaches provide only deterministic point estimates,
thereby failing to quantify the uncertainty risks essential for reliable resource management. Moreover,
these methods fail to leverage job information, which fundamentally drives workload dynamics,
thereby ignoring the implicit structural connections between machines established by distributed
scheduling.
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5.2 Probabilistic Forecasting

Probabilistic forecasting quantifies uncertainty by modeling the conditional distribution of future
values [9]. Representative general-purpose approaches include MQ-CNN [33]], which adopts a
Sequence-to-Sequence framework for direct quantile prediction, and DeepAR [26], which utilizes
autoregressive RNNs to learn distribution parameters. Extending these concepts to cloud computing,
Rossi et al. [25] developed uncertainty-aware prediction frameworks specifically for cloud workloads,
emphasizing their critical role in improving the reliability of resource management strategies.

However, these approaches often struggle to capture the complex, multi-modal, and non-stationary
nature of cloud workloads. For instance, parametric methods rely on fixed distribution assumptions,
while quantile-based approaches may lack the generative expressiveness to model full data densities.
Denoising Diffusion Probabilistic Models offer a more powerful paradigm, providing superior
capability in modeling complex and arbitrary distributions [13]]. Representative works include
TimeGrad [24]], which combines diffusion models with RNNs to learn the data gradient in an
autoregressive manner. In contrast, CSDI [27] proposes a conditional score-based framework that
treats forecasting as a specialized imputation task, generating future values non-autoregressively
based on observed history. Despite their effectiveness, these general-purpose time-series models
primarily focus on temporal dynamics, failing to capture the latent spatial correlations between
machines.

5.3 Spatio-temporal Graph Forecasting

To capture correlations in multivariate systems, Spatio-Temporal Graph Neural Networks have become
an important paradigm, particularly in domains with explicit topologies like traffic forecasting [?
30]. Recently, researchers have integrated diffusion models with ST-GNNs to enhance generative
capabilities. For example, DiffSTG [32] combines denoising diffusion models with graph neural
networks to capture spatio-temporal connection and enable probabilistic forecasting. To address
scenarios with unknown topologies, approaches like Diff GSL [15]] incorporate self-adaptive graph
structure into the diffusion process to infer possible latent dependencies.

Despite these advancements, directly applying these methods to data center workloads remains
non-trivial. Unlike traffic networks with fixed physical connections, the structural dependencies in
data centers are implicit and highly dynamic, driven by job co-occurrence. Existing generic spatio-
temporal diffusion models fail to effectively mine these implicit correlations and lack a mechanism to
explicitly decouple the smooth temporal trends from the sharp, job-induced dynamics. Moreover,
these models typically rely on vision-based U-Net architectures, which treat time-series as images
and often struggle with long-term dependencies.

6 Conclusion

We presented GD-Diff, a graph-conditioned dual-branch diffusion model for probabilistic workload
forecasting in production clusters. By constructing a job-induced dynamic graph from scheduling
logs and decomposing the noise predictor into a temporal branch and a graph branch, GD-Diff
explicitly disentangles regular temporal evolution from job-induced dynamics. Experiments on the
Alibaba and Google cluster traces show that GD-Diff consistently improves both point accuracy
and probabilistic calibration over state-of-the-art deterministic and generative baselines, providing a
reliable forecasting foundation for risk-aware resource management in electricity-computing synergy.

Limitations. GD-Diff inherits the inference cost of diffusion sampling (100 samples x 50 denoising
steps), which is slower than point-prediction baselines and may exceed the latency budget of sub-
second control loops. The operational time scales most relevant to our target setting, however, are
on the order of minutes to hours: day-ahead and intra-day energy market participation, renewable
generation forecasting, energy storage dispatch, and renewable-aware workload scheduling all operate
at this granularity, leaving ample headroom for GD-Diff’s inference cost.
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A Details of the Empirical Analysis

This appendix provides the dataset preprocessing and analysis hyperparameters used to produce
Figure[I]in Section 2]

A.1 Dataset and Residual Computation

We use the Alibaba Cluster Trace 2018 [[L1]. From the trace we subsample N=100 machines and
aggregate their CPU utilization at 1-minute resolution over the 8-day trace, yielding 7=11,520 time
steps per machine.

The regular daily pattern is removed via a leave-one-day daily template: for each day d and each
minute-of-day m, the template T} 4 ,,, is the mean of machine ¢’s CPU utilization at minute m across
all days other than d. The residual is

ri(t) = i(t) — T age), m(t)» )

where d(t) and m(t) are the day and minute-of-day indices of timestamp ¢. This leave-one-out
construction prevents the day under analysis from contaminating its own template.

A.2 Figure[I(a) — Temporal Uncertainty
Daily CPU profiles are obtained by reshaping each machine’s trace into (days) x 1440 and averaging

across the 100 machines, producing one daily profile per day. We visualize the across-day P10—P90
and P25-P75 percentile bands together with the cross-day mean.
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A.3 Figure[I(b) — Structured Residual Pattern

We slide a W=120-minute window with step 1 minute across the residual signal. For each window we
compute the cross-machine |corr| matrix and select the window maximizing the contrast score (Pgo —
P50) x median_std, ensuring the chosen window has both pronounced inter-machine dependencies
and meaningful residual energy. Within this window, we keep the top-100 machines ranked by
residual standard deviation, reorder them via average-linkage hierarchical clustering on 1 — |corr|,
and visualize the resulting submatrix with the diagonal masked.

A4 Figure[I(c) — Dynamic Correlation

We construct an edge-weight time series W;;(t) = |corr;;(t)| by sliding a 120-minute window with
step 1 minute over the residuals. For each lag 7 € {10, 30, 60, 120, 240} minutes, we compute the
per-edge Pearson autocorrelation corr(W;;(t), W;;(t 4+ 7)) over all snapshots.

The null baseline preserves each snapshot’s edge-weight distribution but randomizes edge identities
across time: for each time point we independently sample edge indices uniformly at random, so the
marginal weight distribution at each ¢ is preserved while the temporal binding between an edge and
its identity is broken. We sample 20,000 such null edge series and report the 95th percentile of the
null lagged-correlation distribution as the dashed reference line.

A.5 Figure[I(d) — Job-Induced Volatility Coupling

For each anchor time ¢, the past job-induced edge weight is the per-minute mean of the job-induced
adjacency matrix over the past L=60 minutes; the future response is the residual |corr| computed
over the future H=30 minutes. Anchors are sampled every 5 minutes. Machine pairs are grouped
into 5 quantile bins by their past edge weight; for each bin we report the mean future |corr| together
with a 95% confidence interval over all sampled anchors.

B Implementation Details

This appendix lists the hyperparameters of GD-Diff used in our experiments. When the two datasets
differ, we report the Alibaba configuration as the canonical reference.

B.1 Data

For both datasets we use N=100 machines. Alibaba Cluster Trace 2018 is sampled at 1-minute
resolution over 8 days (2018-01-01 to 2018-01-08); Google Cluster Trace 2019 is sampled at 5-minute
resolution over one month (2019-05-01 to 2019-06-01). Each trace is split chronologically into
train/validation/test with ratio 0.7/0.1/0.2. The look-back window is L=60 steps and we evaluate
on horizons K € {6,30}.

B.2 Backbone and Diffusion

The conditional noise predictor €y consists of 4 residual blocks with C=64 hidden channels, 8
attention heads, and a diffusion-step embedding of dimension 128. The DDPM uses T=50 diffusion
steps with a quadratic 3-schedule from 3;=10"% to 37=0.5.

B.3 Job-Induced Graph Branch

The graph branch is implemented as a GatedGCN with Chebyshev order K .. =2, node-embedding
dimension 16, and top-k sparsification with k=10. Edge weights are normalized via min—max
statistics computed on the training set.

B.4 Optimization

We train with Adam at initial learning rate 10~2 and batch size 4, for at most 100 epochs with early
stopping (patience 20). The learning rate is decayed by v=0.1 at epochs {15,20}. Each model is
trained with three random seeds {2024, 2025, 2026} and we report mean-std.
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467 B.5 Inference

468 GD-Diff draws 100 samples from the diffusion process for the main results and 10 samples for
469 ablations and architectural variants.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [ Yes], ,or [N/A].

e [N/A] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for [N/A]).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While [Yes] is generally preferable to , it is perfectly acceptable to answer provided a
proper justification is given (e.g., error bars are not reported because it would be too computationally
expensive” or “we were unable to find the license for the dataset we used”). In general, answering

or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [TODO]
Justification: [TODO]
Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [TODO]
Justification: [TODO]
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518 Guidelines:

519 * The answer [N/A] means that the paper has no limitation while the answer means
520 that the paper has limitations, but those are not discussed in the paper.

521 * The authors are encouraged to create a separate “Limitations” section in their paper.
522 * The paper should point out any strong assumptions and how robust the results are to
523 violations of these assumptions (e.g., independence assumptions, noiseless settings,
524 model well-specification, asymptotic approximations only holding locally). The authors
525 should reflect on how these assumptions might be violated in practice and what the
526 implications would be.

527 * The authors should reflect on the scope of the claims made, e.g., if the approach was
528 only tested on a few datasets or with a few runs. In general, empirical results often
529 depend on implicit assumptions, which should be articulated.

530 * The authors should reflect on the factors that influence the performance of the approach.
531 For example, a facial recognition algorithm may perform poorly when image resolution
532 is low or images are taken in low lighting. Or a speech-to-text system might not be
533 used reliably to provide closed captions for online lectures because it fails to handle
534 technical jargon.

535 * The authors should discuss the computational efficiency of the proposed algorithms
536 and how they scale with dataset size.

537  If applicable, the authors should discuss possible limitations of their approach to
538 address problems of privacy and fairness.

539 * While the authors might fear that complete honesty about limitations might be used by
540 reviewers as grounds for rejection, a worse outcome might be that reviewers discover
541 limitations that aren’t acknowledged in the paper. The authors should use their best
542 judgment and recognize that individual actions in favor of transparency play an impor-
543 tant role in developing norms that preserve the integrity of the community. Reviewers
544 will be specifically instructed to not penalize honesty concerning limitations.

545 3. Theory assumptions and proofs

546 Question: For each theoretical result, does the paper provide the full set of assumptions and
547 a complete (and correct) proof?

548 Answer: [TODO]

549 Justification: [TODO]

550 Guidelines:

551 * The answer [N/A] means that the paper does not include theoretical results.

552 * All the theorems, formulas, and proofs in the paper should be numbered and cross-
553 referenced.

554 * All assumptions should be clearly stated or referenced in the statement of any theorems.
555 * The proofs can either appear in the main paper or the supplemental material, but if
556 they appear in the supplemental material, the authors are encouraged to provide a short
557 proof sketch to provide intuition.

558 * Inversely, any informal proof provided in the core of the paper should be complemented
559 by formal proofs provided in appendix or supplemental material.

560 * Theorems and Lemmas that the proof relies upon should be properly referenced.

561 4. Experimental result reproducibility

562 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
563 perimental results of the paper to the extent that it affects the main claims and/or conclusions
564 of the paper (regardless of whether the code and data are provided or not)?

565 Answer: [TODO]

566 Justification: [TODO]

567 Guidelines:

568 » The answer [N/A] means that the paper does not include experiments.
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If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [TODO]
Justification: [TODO]

Guidelines:

The answer [N/A]| means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

While we encourage the release of code and data, we understand that this might not
be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [TODO]
Justification: [TODO]
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
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* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [TODO]
Justification: [TODO]
Guidelines:
¢ The answer [N/A]| means that the authors have not reviewed the NeurIPS Code of
Ethics.
* If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [TODO]
Justification: [TODO]
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Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [TODO]
Justification: [TODO]
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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