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Abstract—Effcient cluster scheduling requires reliable fore-
casts of resource demand, yet production workloads are het-
erogeneous, bursty, and strongly time-dependent. Using the 
Google Cluster-Usage Traces v3, we study leakage-safe predic-
tion of three scheduling-relevant metrics: mean CPU demand, 
normalized memory pressure (average memory relative to as-
signed memory), and tail CPU demand (p95) as a burst-risk 
indicator. We develop a preprocessing and evaluation protocol 
that explicitly addresses two common threats to validity in 
trace-based learning: post-execution feature leakage (e.g., usage-
derived felds) and identity leakage from random splits when 
recurring workloads appear in both training and test sets. Under 
time-ordered and gap-based splits, we compare gradient-boosted 
tree models (LightGBM) against strong history-only baselines 
(LastSeen and EMA) and perform a cold-start analysis by 
evaluating the frst K occurrences of each workload entity. Results 
reveal a clear regime shift: for warm, recurring workloads, sim-
ple entity-history predictors achieve near-optimal accuracy and 
consistently outperform learned models; however, in cold-start 
settings where history is unavailable, LightGBM substantially 
improves CPU mean and tail forecasts (e.g., large gains in R2 

for frst-occurrence entities). These fndings support a practical 
scheduling strategy: a hybrid, regime-aware policy that uses 
machine learning (ML) as a cold-start fallback and switches to 
lightweight history-based prediction as observations accumulate. 

Index Terms—resource demand forecasting, scheduling, cloud, 
machine learning, leakage, regime shift 

I. INTRODUCTION 

Modern cloud computing infrastructures rely on large-scale 
clusters to host heterogeneous, dynamic, and time-dependent 
workloads. Effcient scheduling in such environments requires 
accurate estimates of future resource demand so that compute 
and memory resources can be allocated effectively while 
maintaining service-level objectives (SLOs). In particular, 
prediction-driven overcommitment and peak-aware allocation 
motivate forecasting not only average resource usage, but also 
high-percentile behavior that captures burst risk [1–4]. 

Recent scheduler systems show that modern cluster man-
agement increasingly relies on workload-aware and adaptive 
decision making to improve objectives such as goodput, fair-
ness, placement effciency, job completion time, and energy 
or carbon effciency [5–8]. However, these systems primarily 
study scheduler design and optimization. In contrast, our work 
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focuses on the upstream forecasting question: when does a 
learned resource-demand predictor provide value over simple 
history-based baselines under leakage-safe evaluation? 

Trace-based machine learning for resource forecasting also 
introduces important evaluation pitfalls. Production traces of-
ten include both scheduling-time metadata and post-execution 
measurements [9, 10]. If usage-derived felds are mistakenly 
used as predictors, models may beneft from post-run feature 
leakage by accessing information that would not be available 
at scheduling time. More broadly, data leakage has been shown 
to produce overly optimistic conclusions in ML-based studies 
and to undermine reproducibility [11]. In addition, recent 
production workload studies show that large-scale cloud and 
GPU-cluster traces contain substantial workload heterogeneity, 
temporal structure, and recurring user or workload behav-
ior [2, 12]. These properties can create identity leakage when 
random train/test splits allow the same workload entities to 
appear in both training and testing partitions. Such leakage can 
infate performance estimates and obscure the true temporal 
generalization ability of forecasting models. 

This paper studies leakage-safe resource demand forecast-
ing using the Google Cluster-Usage Traces v3 dataset. We 
focus on three scheduling-relevant targets: mean CPU demand, 
normalized memory pressure, and tail CPU demand (p95), 
which serves as a burst-risk indicator. Our evaluation restricts 
all predictors to scheduling-time information and past-only 
historical features, while post-execution measurements are 
used only for target construction. 

We compare a gradient-boosted tree model, LightGBM, 
against lightweight history-based predictors, including Last-
Seen and Exponential Moving Average (EMA). To understand 
when each approach is useful, we perform a regime-aware 
analysis across workload recurrence levels, from true cold-start 
entities to warm recurring workloads with substantial history. 
Our results show a clear regime shift. In cold-start settings, 
where little or no entity history is available, LightGBM im-
proves CPU forecasting by exploiting cross-entity scheduling-
time patterns. However, once workloads accumulate suffcient 
history, simple history-based predictors rapidly become highly 
competitive and often outperform learned models with much 
lower complexity. The contributions of this paper are summa-
rized as follows: 
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• We present a leakage-safe forecasting protocol for pro-
duction cluster traces that avoids post-execution fea-
ture leakage and reduces identity leakage through time-
ordered evaluation. 

• We compare LightGBM with strong lightweight history 
baselines under cold-start and warm recurring workload 
regimes. 

• We show that ML provides its clearest beneft in sparse-
history CPU forecasting, while simple history-based pre-
dictors dominate warm recurring workloads. 

• We provide empirical evidence supporting a practical 
regime-aware forecasting strategy for cloud scheduling. 

II. RELATED WORK 

A. Workload Forecasting in Cloud Environments 
Accurate workload forecasting has long been recognized as 

a key enabler of effcient resource allocation in cloud systems. 
Recent work has emphasized that modern production work-
loads are highly dynamic, bursty, and often non-stationary, 
making naive provisioning strategies ineffcient. Cortez et 
al. [13] detailed Azure’s VM workload and proposed Resource 
Central (RC) to predict workloads for improved resource 
management in large cloud platforms. They demonstrated that 
machine learning models signifcantly outperform traditional 
statistical baselines in predicting CPU and memory utilization. 
More recently, Rossi et al. [14] proposed uncertainty-aware 
workload forecasting methods for cloud computing, arguing 
that accurate demand prediction remains central to balancing 
service quality and provisioning cost in realistic deployments. 
Diao et al. [12] analyzed forecasting algorithms for intelli-
gent resource scaling on real-world cloud workloads. Their 
results highlight that production traces often contain recur-
ring workload patterns but also signifcant heterogeneity and 
burstiness, making forecasting highly context dependent. This 
observation is directly relevant to our setting: if workloads 
are partly repetitive, then simple history-based predictors may 
already provide strong performance, whereas ML may be most 
valuable in cold-start or sparse-history scenarios. 

B. Learning-Based Scheduling and Resource Management 
In parallel with workload forecasting, a large body of recent 

systems work has investigated machine learning and opti-
mization for scheduling and resource management. Pollux [5] 
showed that co-adaptive scheduling can improve goodput in 
deep learning clusters by jointly optimizing resource allocation 
and training effciency. Shockwave [6] extended this direc-
tion by introducing future-aware scheduling for dynamically 
adaptive ML jobs, improving both fairness and makespan. 
CASSINI [7] further demonstrated that cluster scheduling can 
beneft from richer workload-aware abstractions by jointly 
reasoning about communication patterns and placement, sub-
stantially improving average and tail job completion time. 
Most recently, GREEN [8] incorporated carbon awareness 
into ML-cluster scheduling, showing that modern scheduling 
policies increasingly optimize not only job completion time 
but also broader effciency objectives. 

These studies collectively show that predictive and adaptive 
scheduling policies can signifcantly outperform static heuris-
tics in large-scale systems. However, they are primarily con-
cerned with scheduler design and optimization under known or 
observed workload characteristics, rather than explicitly study-
ing leakage-safe trace forecasting or the distinction between 
cold-start and recurring workload regimes. 
C. Leakage, Evaluation Protocols, and History-Based Base-
lines 

Although ML-based forecasting is increasingly popular, 
trace-based evaluation is vulnerable to methodological pit-
falls. One risk is post-execution leakage, where usage-derived 
quantities are inadvertently used as predictors for targets 
that are themselves derived from those same measurements. 
Another is identity leakage, where random train/test splits 
allow recurring entities to appear in both partitions, enabling 
memorization rather than true temporal generalization. These 
concerns are especially important in production cluster traces, 
where workloads often recur over time and entity behavior can 
be highly persistent. For time-dependent data, prior work on 
forecasting evaluation has shown that random cross-validation 
can be invalid or misleading when temporal dependence is 
present [15]. This motivates leakage-safe protocols based on 
chronological ordering and temporal separation. 

Our work differs from much of the prior literature in 
two ways. First, we restrict all predictors to scheduling-time 
information and past-only history statistics, using post-run 
measurements strictly for target construction. Second, rather 
than assuming that ML always dominates history-based pre-
diction, we explicitly compare LightGBM against lightweight 
entity-history baselines such as LastSeen and EMA under 
time-ordered and gap-based splits. This enables us to ask 
not only whether ML improves accuracy, but also when it 
improves accuracy. 

III. PROBLEM STATEMENT 

Effcient production cluster scheduling requires reliable 
forecasts of future resource demand. Given a time-ordered 
stream of workload observations, the goal is to predict 
scheduling-relevant resource targets using only information 
available at or before scheduling time. 

In this work, we consider three prediction targets: mean 
CPU demand, normalized memory pressure, and p95 CPU de-
mand. Mean CPU captures average compute usage, normalized 
memory pressure measures memory usage relative to assigned 
memory, and p95 CPU captures burst-risk behavior relevant to 
peak-aware scheduling. 

The study is guided by two research questions: 
1) How can resource demand be forecast from production 

traces without introducing post-execution or identity 
leakage? 

2) Under which workload regimes does machine learning 
outperform strong history-based predictors such as Last-
Seen and EMA? 

To answer these questions, we evaluate LightGBM and 
history-based predictors under time-ordered and gap-based 



TABLE I: Cold-start and warm regime proportions based on entity occurrence 
order. 

Bucket Count Percent (%) 
ColdStart K1 (frst only) 2,261 0.56 

ColdStart K5 (frst 5) 7,472 1.84 
ColdStart K20 (frst 20) 20,562 5.07 

Warm (20+) 385,332 94.93 
splits. We further separate workloads by recurrence level, dis-
tinguishing cold-start cases with little or no prior history from 
warm recurring workloads with suffcient historical observa-
tions. The objective is not only to maximize aggregate pre-
diction accuracy, but also to identify when ML adds practical 
value and when lightweight historical forecasting is suffcient. 

IV. DATA AND LEAKAGE-SAFE PROTOCOL 

A. Dataset Overview 
This study uses the Google Cluster-Usage Traces v3, a 

production cluster trace containing time-indexed workload 
and resource-usage measurements from Google cluster en-
vironments. The trace includes collection- and instance-level 
metadata, request-time scheduling information, assigned mem-
ory, resource requests, and post-execution usage summaries. 
In this work, we use only scheduling-time metadata and 
past-only history features as predictors, while post-execution 
felds such as average_usage, maximum_usage, and 
cpu_usage_distribution are reserved strictly for target 
construction. We focus on three scheduling-relevant targets: 
mean CPU demand, normalized memory pressure, and p95 
CPU demand as a burst-risk indicator. Because the trace 
is time-indexed and contains recurring workload entities, it 
is well suited for studying cold-start and warm recurring 
forecasting regimes under leakage-safe evaluation. 

Table I shows that most observations belong to warm recur-
ring workloads, while true cold-start examples form a small 
but operationally important subset. This imbalance motivates a 
regime-aware evaluation rather than relying only on aggregate 
test-set performance. 

B. Threats to Validity in Trace-Based Forecasting 
Two major threats arise when applying machine learning to 

production cluster traces. 
(T1) Post-run feature leakage. Several felds in 

the trace are measured during or after execution, 
including average_usage, maximum_usage, and 
cpu_usage_distribution. If these felds are used as 
model inputs, the model can indirectly observe the target 
it is supposed to predict. This produces unrealistically high 
performance and does not refect information available 
at scheduling time. To avoid this, we use post-execution 
measurements only to construct labels and exclude them from 
all predictor sets. 

(T2) Identity leakage from random splitting. Many 
workloads recur over time under identifers such as 
collection_logical_name. If examples are randomly 
split into training and testing partitions, the same workload 
entity may appear in both sets, allowing models to memorize 
entity-specifc behavior rather than generalize temporally. To 
reduce this risk, we sort all observations chronologically, 

construct history features using only prior observations, and 
evaluate using time-ordered splits with a temporal gap. 

C. Leakage-Safe Preprocessing 

Our preprocessing pipeline follows four leakage-safe prin-
ciples. 

First, serialized resource felds are parsed into numeric CPU 
and memory variables. For example, resource_request 
is parsed into request-time CPU and memory features, while 
average_usage is used only to construct post-run targets. 
Similarly, cpu_usage_distribution is parsed to derive 
the p95 CPU target. 

Second, we defne a strict feature whitelist containing only 
information available at or before scheduling time. These 
features include request-time CPU and memory, assigned 
memory, scheduling class, priority, collection type, cluster 
identifer, and lightweight derived request features such as log-
transformed requests and request-to-memory ratios. Usage-
derived felds are excluded from the model inputs. 

Third, all historical features are constructed in a past-only 
manner. Observations are sorted by time, and entity-history 
features such as last-seen values, rolling means, and rolling 
standard deviations are computed using one-step shifting so 
that the current or future target is never used to predict itself. 

Fourth, recurring workload identity is defned primarily 
using collection_logical_name. This identity is used 
to construct LastSeen, EMA, and occurrence-index buckets, 
but raw entity identifers are not used directly as learned-
model inputs. This design supports comparison between cold-
start workloads with little or no history and warm recurring 
workloads with suffcient prior observations. 

Missing numeric values are imputed using training-set 
medians, and missing categorical values are imputed using 
training-set modes before one-hot encoding. For normalized 
memory pressure, observations with invalid or nonpositive 
assigned memory are treated as missing for that target, while 
valid values above one are retained because they may refect 
temporary overuse, accounting effects, or scaling behavior. 

V. METHODOLOGY 

A. Problem Formulation and Data Representation 

We consider a time-ordered stream of instance observations 
indexed by i ∈ {1, . . . , N }. Each observation i is asso-
ciated with: (i) a timestamp ti taken from start_time; 
(ii) a workload entity identifer ei, defned primarily by 
collection_logical_name; (iii) a vector of scheduling-
time features xi ∈ Rd; and (iv) a vector of post-execution 
regression targets yi ∈ R3 derived from usage measurements. 
The dataset is represented as 

D = {(ti, ei, xi, yi)}N t1 ≤ t2 ≤ · · · ≤ tN . (1)i=1, 

The learned model is intended to predict future resource de-
mand using only information available at or before scheduling 
time. Therefore, post-execution usage felds are used only to 
construct labels and are excluded from the predictor set. Raw 
entity identifers such as collection_logical_name 



and user are used to construct past-only history features 
and recurrence-regime buckets, but are not directly included 
as learned-model inputs. This design reduces direct identity 
memorization while still allowing explicit comparison between 
cold-start and recurring workload regimes. Trace semantics 
follow the offcial Google Cluster-Usage Traces v3 documen-
tation [16]. 

B. Forecasting Targets 

We predict three scheduling-relevant targets: mean CPU 
demand, normalized memory pressure, and tail CPU demand. 
Because these quantities are derived from execution-time 
measurements, they are treated strictly as labels and are never 
used as predictors. 

cpua) Mean CPU demand: Let u denote the average i 
CPU utilization of instance i over its measurement window. 
We defne 

cpu cpuy = u . (2)i,mean i 

memb) Normalized memory pressure: Let u denote av-i 
memerage memory usage and let a denote assigned memoryi 

from assigned_memory. We defne 
mem mem/amem mem y = u , a > 0. (3)i,norm i i i 

Observations with invalid or nonpositive assigned memory are 
treated as missing for this target. Values above one are retained 

mem mem/amem mem xi,ratio = ri i , ai > 0, (8) 
cpu/mem cpu mem x = r /(r + ϵ). (9)i i i 

We also include a simple constraint-complexity feature. Let 
Tok(·) tokenize the constraint feld into alphanumeric 
tokens. Then 

con x = |Tok(constrainti)| . (10)i 

Categorical scheduling-time metadata include 
felds such as instance_events_type, 
scheduling_class, collection_type, priority, 
collections_events_type, cluster, and event. 

� 

Numeric features are imputed using training-set medians, 
while categorical features are imputed using training-set 
modes and one-hot encoded. 

2) Past-Only History Features: All observations are sorted 
chronologically before history construction. For an entity e, 
defne the set of prior indices for observation i as 

Pi(e) = {j < i : ej = e}. (11) 

All history features are computed only from {(ej , yj ) : j < 
i} using one-step shifting. Thus, the current observation and 
future observations are never used to construct predictors. 

a) Last-seen features: Let j⋆(i, e) = max Pi(e) when 
= ∅. For a target series y, the last-seen statistic isPi(e) ̸ 

yj⋆(i,e), if Pi(e) ̸= ∅,
Last(i, e; y) = (12)

otherwise. because temporary overages may refect accounting behavior, NaN, 
scaling effects, or short-term pressure beyond the assigned-

We compute last-seen values for all three targets. memory value. 
c) Tail CPU demand (p95): For each observation, the b) Rolling history features: Let Pi 

(w)
(e) denote the most 

recent w indices in Pi(e). We compute rolling means andtrace provides an 11-point coarse CPU usage distribution 
standard deviations as(4) Xqi = (qi,0, qi,10, . . . , qi,100), 1(w) 

yj , (13)(e; y) =µi (w) 
i 

where qi,p denotes the estimated pth percentile of CPU utiliza- |P (e)| (w)
j∈P (e)ition. We approximate p95 CPU demand by linear interpolation 

between qi,90 and qi,100: 
vuut(e; y) = 

If the required minimum history length is unavailable, the 

�X �21(w) (w) (14)yj − µσ (e; y) .i i(w)cpu = qi,90 + (95 − 90)/(100 − 90) (qi,100 − qi,90)i,p95 |Pi (e)|y 
(w)

j∈P (e)i 

= qi,90 + 0.5 (qi,100 − qi,90) . (5) 

X 

This target captures burst-risk behavior and complements rolling feature is treated as missing and handled by the 
mean CPU demand. We use p95 CPU as a direct forecasting training-set imputation procedure. 
target because it is operationally relevant for peak-aware c) Global rolling summaries: To capture broad temporal 
scheduling. drift, we also compute global rolling means over the last w 
C. Feature Construction observations, independent of entity: 

(w) 
= {j : max(1, i − w) ≤ j < i}, (15)All predictors are restricted to two categories: scheduling- Wi 

1time features and past-only history features. Let ϵ > 0 be a (w) (16)(y) =µ yj .i,globsmall numerical constant; in our implementation, ϵ = 10−12 . (w)|W |i (w)
j∈W1) Scheduling-Time Features: From the i 

resource_request structure, we extract requested 
CPU and requested memory: 

cpu mem r = ReqCPU(i), r = ReqMem(i). (6)i i 

To reduce skewness, we also use log-transformed request 
features: 

cpu cpu mem mem xi,log = log(1 + ri ), xi,log = log(1 + ri ). (7) 

We include lightweight request-ratio features: 

These features are also shifted so that only past observations 
contribute. 

D. Modeling Approach 

1) LightGBM Predictor: Let ϕ(·) denote the preprocessing 
transformation applied to raw feature vector xi. The fnal 
model input is 

zi = ϕ(xi). (17) 
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TABLE II: Fixed LightGBM hyperparameter settings. 
Parameter Value Purpose 
n_estimators 2500 Large ensemble with small learn-

ing rate. 
learning_rate 0.03 Conservative boosting updates. 
num_leaves 63 Controls tree complexity. 
min_data_in_leaf 80 Reduces unstable sparse-region 

splits. 
feature_fraction 0.9 Column subsampling. 
bagging_fraction 0.9 Row subsampling. 
bagging_freq 1 Applies bagging at each boosting 

step. 
reg_alpha 0.2 ℓ1 regularization. 
reg_lambda 2.0 ℓ2 regularization. 
random_state 42 Reproducibility. 

Our learned predictor is a multi-output gradient-boosted 
decision tree model based on LightGBM [17]. We ft one 
regressor per target using MultiOutputRegressor [18]. 

cpumem cpuLet k ∈ {1, 2, 3} index the targets {y , y , y }. Thenorm mean p95 
prediction for target k is 

ŷ
(k) 

= fk(zi). (18)i 

Each LightGBM regressor is an additive ensemble of regres-
sion trees: MX 

fk(z) = ηhk,m(z), (19) 
m=1 

where M is the number of trees, η is the learning rate, and 
hk,m is the mth regression tree for target k. 

2) History-Based Baselines: We compare LightGBM 
against two low-overhead history-based baselines. 

a) LastSeen: For entity ei, the LastSeen prediction is 
LS ŷ  = Last(i, ei; y). (20)i 

If no prior value exists, the training-period target median is 
used as the fallback prediction. 

b) Exponential Moving Average: For each entity e and 
target k, let s(k)(e) denote the EMA state. Prediction uses thei 
previous state: 

EMA,(k) (k)
ŷ = si−1(ei). (21)i 

The state is updated after observing the current target: � 
(k) y

(k) 
, if the state is uninitialized, 

si (ei) = i 
(k) (k) (22)

αy + (1 − α)s (ei), otherwise.i i−1 

We use α = 0.3. 
3) Fixed LightGBM Settings: Table II reports the fxed 

LightGBM hyperparameters used in all experiments. The 
settings are held constant across targets to provide a controlled 
comparison against history-based baselines. We do not claim 
these hyperparameters are globally optimal; tuning and model 
selection are treated as limitations and future work. 

E. Regime Defnition and Evaluation Protocol 
To avoid overly optimistic results under temporal depen-

dence, we use time-ordered evaluation rather than random 
splitting, consistent with best practices for time-series evalu-
ation [15]. All observations are sorted chronologically before 
preprocessing, history construction, and model evaluation. 

1) Time-Ordered Split with Temporal Gap: Let ρ ∈ (0, 1) 
be the training fraction and γ ∈ (0, 1) be the temporal gap 
fraction. We defne 

ntrain = ⌊ρN⌋, (23) 
ngap = ⌊(ρ + γ)N⌋. (24) 

The partitions are 
Dtrain = {1, . . . , ntrain}, (25) 
Dgap = {ntrain + 1, . . . , ngap}, (26) 
Dtest = {ngap + 1, . . . , N}. (27) 

All preprocessing statistics, including imputation values and 
one-hot vocabularies, are ft only on Dtrain. 

2) Occurrence-Index Buckets: We formalize workload re-
currence using an occurrence index:X 

occ(i) = I{ej = ei}. (28) 
j<i 

This counts how many times entity ei appeared before obser-
vation i in the time-ordered stream. Within the test set, we 
evaluate four recurrence regimes: 

BK=1 = {i ∈ Dtest : occ(i) = 0}, (29) 
BK<5 = {i ∈ Dtest : occ(i) < 5}, (30) 
BK<20 = {i ∈ Dtest : occ(i) < 20}, (31) 
Bwarm = {i ∈ Dtest : occ(i) ≥ 20}. (32) 

These buckets are used only for evaluation and interpre-
tation. They allow us to compare true cold-start workloads, 
sparse-history workloads, transitional workloads, and warm 
recurring workloads. Unlike the earlier draft, we do not present 
the threshold rule as a fully evaluated scheduler-integrated 
hybrid policy. Instead, we use the buckets to identify where 
ML provides measurable forecasting value and where history-
based predictors are the stronger default. 
F. Evaluation Metrics 

We evaluate all predictors using coeffcient of determination 
(R2) and mean absolute error (MAE) [19, 20]. For target k 
and evaluation subset S , defne X1(k) (k)

ȳ = y . (33)S i|S| 
i∈S 

Then X� �2 X� �2
(k) (k) (k) (k)

RS 
2 (k) = 1 − y − ŷ  / y − ȳ  . (34)i i i S 

i∈S i∈S 

MAE is defned as X1 (k) (k)
MAES (k) = y − ŷ  . (35)i i|S| 

i∈S 

We report both metrics because they capture complementary 
behavior. R2 measures explained variance within each regime, 
while MAE measures absolute error in the original target scale. 
This distinction is important because LightGBM may improve 
variance-based performance in sparse-history CPU regimes, 
while history-based predictors can still achieve lower absolute 
error once recurrence is established. 

VI. PERFORMANCE EVALUATION 

This section evaluates forecasting performance across dif-
ferent workload recurrence regimes. We compare three pre-
dictors: 



TABLE III: R2 performance across recurrence regimes. 

Target Model K = 1 K < 5 K < 20 K ≥ 20 Overall 
Mem CPU P95 Mem CPU P95 Mem CPU P95 Mem CPU P95 Mem CPU P95 

R2 
LastSeen -0.063 -0.128 -0.395 0.770 0.754 0.635 0.862 0.934 0.881 0.9969 0.9962 0.9962 0.972 0.981 0.980 
EMA -0.063 -0.128 -0.395 0.770 0.754 0.635 0.861 0.933 0.877 0.9946 0.9926 0.9933 0.970 0.978 0.977 
LightGBM 0.070 0.751 0.383 0.297 0.937 0.824 0.430 0.978 0.935 0.9938 0.9947 0.9886 0.889 0.991 0.981 

TABLE IV: MAE performance across recurrence regimes. 

Target Model K = 1 K < 5 K < 20 K ≥ 20 Overall 
Mem CPU P95 Mem CPU P95 Mem CPU P95 Mem CPU P95 Mem CPU P95 

MAE 
LastSeen 0.262 0.00889 0.01459 0.0809 0.00261 0.00431 0.0295 0.00096 0.00158 0.00064 0.00002 0.00003 0.00262 0.000085 0.00014 
EMA 0.262 0.00889 0.01459 0.0828 0.00264 0.00435 0.0318 0.00106 0.00175 0.00180 0.00006 0.00010 0.00385 0.00013 0.00021 
LightGBM 0.204 0.00647 0.01052 0.1022 0.00262 0.00424 0.0522 0.00147 0.00229 0.0109 0.00029 0.00054 0.0137 0.00037 0.00066 

• LastSeen: predicts the most recent observed value for the 
same workload entity, 

• EMA: an exponential moving average with smoothing 
factor α = 0.3, 

• LightGBM: a gradient-boosted tree model trained on 
scheduling-time features. 

Performance is reported using R2 and Mean Absolute Error 
(MAE) across four regimes: frst occurrence (K = 1), early 
recurrence (K < 5), transition recurrence (K < 20), and warm 
recurring workloads (K ≥ 20). 

Tables III and IV show that forecasting performance 
is strongly regime-dependent. For true cold-start workloads 
(K = 1), history-based predictors have no prior entity ob-
servations and perform poorly, producing negative R2 values 
across all targets. In contrast, LightGBM achieves substantially 
stronger cold-start performance, especially for CPU forecast-
ing. It reaches R2 = 0.751 for mean CPU demand and 
R2 = 0.383 for p95 CPU demand, showing that scheduling-
time features contain useful cross-entity predictive signal even 
when entity history is unavailable. 

As limited history becomes available, history-based predic-
tors rapidly improve. For K < 5, LastSeen and EMA already 
achieve strong memory-pressure performance (R2 ≈ 0.77), 
while LightGBM remains strongest for CPU mean and p95. 
This indicates that the cold-start ML advantage is most 
pronounced for CPU-related targets, while memory pressure 
benefts more quickly from even limited workload history. 

In the transition regime (K < 20), both model classes 
remain competitive, but the results become target-dependent. 
LightGBM achieves the highest R2 for CPU mean and CPU 
p95, while LastSeen and EMA produce lower MAE for several 
targets. This distinction is important because R2 captures 
explained variance, whereas MAE refects absolute prediction 
error in the original target scale. 

For warm recurring workloads (K ≥ 20), history-based 
predictors dominate. LastSeen achieves near-perfect R2 values 
across all three targets and substantially lower MAE than 
LightGBM. The overall test-set results are therefore heavily 
infuenced by the warm regime, since most observations be-
long to recurring workloads. Overall, LastSeen is strongest 
for memory pressure and remains highly competitive for CPU 
targets, while LightGBM achieves the best overall R2 for mean 
CPU demand. 

These results support a precise empirical conclusion: under 
leakage-safe evaluation, LightGBM is most useful in true 

cold-start settings, particularly for mean CPU and p95 CPU 
forecasting. However, simple history-based predictors rapidly 
become competitive as recurrence increases and dominate 
warm recurring workloads. Thus, the contribution of this paper 
is empirical and methodological rather than algorithmic: it 
identifes where ML materially helps and where strong history 
baselines are the better default. 

VII. CONCLUSION 

This paper studies leakage-safe resource demand forecasting 
for cloud scheduling. To avoid overly optimistic evaluation, 
we restrict predictors to scheduling-time information and past-
only historical features, while using post-execution measure-
ments only for target construction. We also use time-ordered 
and gap-based evaluation to reduce temporal and identity 
leakage. The results show a clear recurrence-dependent regime 
shift. LightGBM provides its strongest value in true cold-
start settings, especially for mean CPU and p95 CPU demand, 
where no entity history is available. However, once workloads 
accumulate even modest history, LastSeen and EMA rapidly 
become competitive. For warm recurring workloads, LastSeen 
achieves near-optimal performance and consistently outper-
forms the learned model in MAE. Memory pressure is also 
more favorable to history-based prediction than to LightGBM 
once limited recurrence exists. These fndings suggest that 
ML should not be treated as a universal replacement for 
simple forecasting baselines in production scheduling. Instead, 
ML is best understood as a cold-start forecasting tool, while 
lightweight history-based predictors are often preferable for 
recurring workloads. This work is limited to prediction ac-
curacy on a single production trace and does not evaluate 
scheduler-level outcomes such as placement quality, over-
commitment failures, resource waste, SLO violations, or job 
completion time. Future work should validate these regime-
aware forecasting insights in scheduler-integrated simulations 
and under additional traces, larger temporal gaps, and entity-
holdout evaluations. 
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