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Forecasting Framework in Cloud Systems

Jiadong Chen, Yang Luo , Xiuqi Huang , Fuxin Jiang , Yangguang Shi , Tieying Zhang,
and Xiaofeng Gao , Senior Member, IEEE

Abstract—Accurate resource planning in large-scale systems re-
lies on reliable predictions of future workloads, a task inherently
challenged by their variability and dynamism. Previous prediction
methods are either ineffective to deal with the changing dynamics
of the series, or are highly black-boxed and unable to conduct
effective theoretical analysis. To address these issues, we design
an effective ensemble framework, Interval Prediction with On-
line Chasing (IPOC), tailored for multi-step interval forecasting
in real-time systems. Theoretically, by formulating the task as a
Dynamic Deterministic Markov Decision Process (Dd-MDP), an
advanced theoretical framework is introduced to analyze problem
solvability and derive conditions for the existence of feasible so-
lutions. Incorporating the proposed Adaptive Copula Conformal
Inference (ACCI) module and a well-designed Chasing Oracle,
IPOC captures the changing dynamics and temporal dependen-
cies to enable multi-step forecasting. We organically integrate ad-
vanced online learning theories with time series forecasting tasks
to construct a forecasting framework that is both theoretically
rigorous and practically effective. Theoretical analysis underpins
IPOC’s effectiveness, demonstrating sublinear regret and adher-
ence to confidence interval specifications. The chasing regret of
the Chasing Oracle is O(Lc), and the overall regret of IPOC
is O(

√
LcT log |F|). Empirically, IPOC is validated through

extensive experiments on five real-world datasets, including public
datasets and different types of workload collected from Bytedance
Cloud, with comparisons to 25 baselines and 4 forecasting horizons
(1/5/10/30). Specifically, IPOC achieves an average reduction of
over 20% in RMSE/MAE/SMAPE/ρ-risk compared to baselines
across five datasets. Besides, we apply our model to a case study on
predictive auto-scaling tasks in actual large-scale cloud systems to
validate its utility.

Index Terms—Online learning, sub-linear regret, time series,
interval forecasting, ensemble learning, conformal inference.
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I. INTRODUCTION

S ERVERLESS computing is a cloud computing model
where the cloud provider dynamically manages the allo-

cation of machine resources and allows clients to build and
run services without thinking about servers [1], [2], as shown
in Fig. 1, whose primary challenge is to elastically manage
resources for such applications facing the difficulty of dealing
with cold starts, low latency, and scaling efficiency. Recent
research shows that with effective auto-scaling, service quality
can improve by 20% while resource waste decreases by 15% [3].
Workload forecasting is essential to address these challenges
and achieve predictive auto-scaling. Since scaling operations
involve physical resource scheduling and take time to complete,
prediction needs to be both accurate and sufficiently long-term,
which ensures enough time for subsequent scaling actions. A
sample of workload data from a real-world large-scale system
is shown in Fig. 2. We summarize two common workload
patterns and two typical concept drifts based on studies [4] and
industrial practice. Concept drift is defined as the changes in the
distribution of streams over time, in which the distribution of
workloads changes during the drifts. Fig. 2(a) and (b) show two
common workload patterns, where the growth pattern depicts a
steady increase in workload (e.g., more and more stored data)
and the periodic pattern depicts a cyclical growth and reduction
in workload (e.g. periodic query requests). Fig. 2(c) and (d)
show two typical concept drifts. The sudden drift indicates a
drastic change in workload (e.g., a new version release), while
the recurring drift indicates a change in workload followed by a
return to the original distribution for a period of time (e.g., the
impact of holidays).

Due to the complexity of online load, accurate and effec-
tive workload forecasting is particularly difficult. The previ-
ous forecasting methods such as statistical [5], machine learn-
ing [6], and ensemble methods [4], [7] used in cloud or
database systems only focus on point forecasting. Meanwhile,
the current probabilistic forecasting models [8], [9], [10] do
not provide theoretical guarantees, which makes their relia-
bility questioned and contribution limited to real-world large-
scale systems. Furthermore, deep learning models [8], [9],
[11], [12], [13] that consume considerable time and comput-
ing resources to train are also difficult to adapt to the chang-
ing dynamics of the online environment. Based on this dis-
cussion, we outline the essential requirements and challenges
for the workload forecasting task in proactive auto-scaling
systems.
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Fig. 1. With the proposed forecasting framework IPOC, serverless systems
can achieve rapid online adaptation and handle cold starts, thereby enabling
predictive auto-scaling and offering improved quality of service.

Fig. 2. Workload Example. A piece of workload data from a real-world large-
scale system contains two common workload patterns and two typical concept
drifts: growth pattern, periodic pattern, sudden drift, and recurring drift.

R1. Continuously adapt to the changing dynamics: Cloud
workloads exhibit online variability, driven by fluctuating user
request patterns and continuous platform updates. Their non-
stationary behavior demands forecasting models with real-time
adaptation capabilities to maintain predictive accuracy.

R2. Accurately quantify the uncertainty of the series: For
auto-scaling systems, it is essential to accurately quantify the
uncertainty associated with future workloads—such as by deter-
mining lower and upper bounds—in order to enhance resource
utilization without compromising service quality.

R3. Theoretically analyze the robustness of the forecasts: For
cloud systems, robustness constitutes one of the most critical
requirements; thus, the forecasting algorithm must provide rig-
orous guarantees and analytical support for predictions.

As far as we know, no existing work has fully met the
above requirements. In this paper, we address the challenges
of online multi-step interval forecasting, which aims to predict
intervals that contain future values with a specified probability.
We propose an ensemble strategy to integrate various base fore-
casting models, adapting to diverse series patterns. Our system,
IPOC, is a lightweight ensemble framework that leverages a
dynamic deterministic Markov decision process (Dd-MDP) for
online learning, offering theoretical guarantees. It converts point
predictions to confidence intervals using adaptive conformal
inference and selects a target model through a model selector.
The chasing oracle within IPOC enables the ensemble to track
the target model, ensuring accurate confidence intervals.

We have theoretically established that IPOC’s chasing regret
isO(Lc), validating its effectiveness. IPOC guarantees not only
the validity of prediction intervals but also the sub-linear regret
performance of the model ensemble, even in the worst-case
scenario. Extensive experiments on five real-world datasets and
comparisons with 25 baselines, along with a case study on
capacity recommendation in HDFS, further validate IPOC’s
contributions to practical tasks. The main contributions of this
paper can be summarized as follows:

This manuscript is a journal extension to our previous con-
ference paper [14]. This journal version involves several im-
provements to enhance the previous model from the following
aspects. First, we have extended the scope of the forecasting
problem from single-step to multi-step forecasting as shown in
Section III. In Section IV, we elaborate on the theoretical un-
derpinnings of our approach and designed the Adaptive Copula
Conformal Inference (ACCI), which captures temporal depen-
dencies to generate confidence intervals for multi-step forecasts.
In Section V, we expand the design of our ensemble module,
introducing an online ensemble strategy based on the Expo-
nentiated Gradient Descent (EGD) algorithm. Furthermore, in
Section VI, we provide theoretical proof of the reliability of the
IPOC framework, including the ACCI method. Additionally, we
collect new workload data from Bytedance Cloud’s public IaaS
platform for experiments and perform more detailed analyses in
Section VII.

1) We formally define the multi-step online time series inter-
val forecasting (MOTSF-Int) and model it as a dynamic
deterministic Markov decision process instance.

2) We design the Adaptive Copula Conformal Inference
(ACCI) to quantify the uncertainty of multi-step forecasts.
We construct an online ensemble framework, IPOC, to
solve the MOTSF-Int task. To our knowledge, we are the
first to introduce the online learning theory into the time
series analysis task.

3) We theoretically analyze the effectiveness of each
part of IPOC, such as the effectiveness of ACCI
and the regret bound of IPOC. The regret of IPOC
is O(

√
LcT log |F|) = O(

√
T ) with fixed parameters

Lc, |F|, which is sublinear asymptotically.
4) We conduct extensive experiments on five real-world

datasets and a case study of predictive auto-scaling in
Kubernetes system to verify the effectiveness of IPOC.

5) In real-world Kubernetes horizontal pod proactive auto-
scaling tests, compared with the built-in Naïve auto-
scaling module, IPOC demonstrates significant improve-
ments in resource utilization and latency reduction.

II. RELATED WORKS

Time Series for Systems: Long-term time series forecasting
is vital for strategic planning and decision-making, enabling
organizations to anticipate future trends and patterns. Tradi-
tional statistical methods [15], [16], [17] stationary data using
autoregressive and moving average components. Machine learn-
ing models such as Random Forest [18], [19], [20] leverage
non-linear fitting and ensemble methods for robust predictions.
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Deep learning models [11], [12], [13], [21], [22], [23], [24],
[25] can capture long-term dependencies and complex patterns.
In large-scale systems, workloads are usually modeled and pro-
cessed in the form of time series and workload forecasting has
begun to be applied to system load balancing, parameter opti-
mization, capacity scaling, etc [26]. LoadDynamics [6] employs
a combination of LSTM and Bayesian optimization for handling
the dynamic fluctuations. WGAN-gp Transformer [2] adopts a
Transformer as a generator and a multi-layer perception as a
critic to predict cloud workload. QueryBot [4] combines linear
regression and RNNs for various database workload patterns.
DBAugur [7] uses adversarial neural networks to predict the
trends of database workloads and shows the superiority of in-
dex selection and data region migration tasks. AHPA [1] and
PASS [3] are designed for auto-scaling based on long-term time
series forecasting techniques.

Conformal Inference: Conformal inference is a powerful tool
for quantifying the uncertainty around predictions made by
black-box models. ACI [27], SAOCP [28], and NexCP [29]
effectively handle distribution shifts via online parameter up-
dates or weighted quantiles, but they treat forecasting steps
independently, neglecting the joint dependencies across the
multi-step horizon. CopulaCPTS [30] addresses this by model-
ing inter-step dependencies via copulas, yet its reliance on static
calibration renders it brittle to real-time concept drifts. Similarly,
AcMCP [31] accounts for serial dependence in online settings
by calibrating residual sequences, whereas our proposed IPOC
employs empirical copulas to model the high-dimensional joint
distribution and integrates a regret-minimized ensemble strategy
for robust online update.

III. PRELIMINARY

A. Online Time Series Forecasting

In large-scale systems, workloads (e.g. query per second,
CPU usage, etc.) appear as potentially unbounded streams of
continuous data in real (or near-real) time, reflecting system
statuses, as described in Definition 1.

Definition 1 (Data Stream): Data streams are the continuous
flow of data elements ordered in a sequence, which is processed
in real-time or near-real-time to gather valuable insights. We
denote by xt the signal recorded at time stamp t, and a data
stream can be denoted as X = {x1, x2, · · · xt, · · · }.

Data streaming is a modern approach to processing and ana-
lyzing data in real-time, as opposed to batch processing methods.
Key features of data streams include their continuous flow,
infinite length, unbounded nature, high velocity, and poten-
tially high variability. Unlike traditional batch data processing,
where data is collected and processed in batches, data streams are
continuously collecting data, making it possible to process data
as soon as they are created. This provides large-scale systems
with the ability to monitor and succeed in day-to-day operation.
Data streams are widely used in large scale systems like Apache
Flink, Apache Spark Streaming, Apache Kafka, and Google
Dataflow.

With the operation of the large-scale system, new signals are
continuously recorded, and the stream is continuously longer.

Due to the need for real-time and efficiency, we cannot use
unlimited memory to record all histories and then predict the
future. Therefore we are considering an multi-step online time
series forecasting problem over data stream X , abbreviated as
MOTSF problem. Next, let us discuss the influence of limited
memory and parameter updating for MOTSF.

Firstly, there is no separation of training and evaluation in
an online setting. Instead, learning occurs over a sequence of
time-steps [32]. Hence, At each time stamp t, we can de-
fine a length parameter L, a prediction horizon H , and use
data sequence Xt = xt−L:t−1 to produce a multi-step point
prediction Ŷt = f(Xt; θ

f
t ) = x̂f

t:t+H−1 for Xt with prediction

model f and associated parameter set θft . Xt is a fixed-length
observed series history, focusing on the latest and limited ob-
servation in online scenarios. We use loss function �(Ŷt, Yt) =

�(x̂f
t:t+H−1, xt:t+H−1) to measure the gap between x̂f

t:t+H−1
and xt:t+H−1. Specifically, � maps the prediction and the truth
into a real number in [0,1], and the more accurate the prediction
is, the smaller the loss is. Depending on the requirements, there
are many choices for �.

Secondly, since a data stream is recorded continuously, the
learning parameter θ should be updated at each time t, which
derives the formal definition of MOTSF, denoted as Definition 2.

Definition 2 (Multi-Step Online Time Series Forecasting,
MOTSF): At time stamp t, given an L-length history stream
Xt and the prediction horizon H , the MOTSF task requires a
point prediction f(Xt; θ

f
t ) = X̂f

t . After making the prediction,
the prediction model f then receives the true answer Yt and
generates a related loss �(Ŷt, Yt). Whenever the loss is nonzero,
f updates the parameter set from θft to θft+1 by applying some
update strategy on the training example pair (Xt, Yt). By run-
ning the online learning T time-steps, the goal is to minimize
the cumulative loss, i.e.,

∑T
t=1 �(Ŷt, Yt).

The performance of an online model is measured by com-
paring its cumulative loss with the minimum loss of the offline
algorithm, and its difference is denoted as regret [32]:

regret =

T∑
t=1

�(Ŷt, Yt)− inf
θ

T∑
t=1

�(f(Xt; θ), Yt). (1)

The second term in (1) is the loss suffered by the model with
the best parameter setting θ∗, which can only be known in hind-
sight after seeing the full data stream. An online model’s regret
is sub-linear as a function of T , if and only if regret = o(T ),
which implies limT→∞ regret

T → 0 and thus on average the
model performs almost as well as setting the best parameter
in hindsight. We always expect an online learner achieving a
sub-linear regret.

B. Online Time Series Interval Prediction

As discussed in Section I, for real management in large-scale
systems, such as load balancing or resource scaling, the results
of the point prediction are often insufficient. Predicting the
potential range of a true value Yt under a given miscoverage
rate α is more meaningful [8], [9], and such range is named as
confidence interval, whose definition is denoted as Definition 3.
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TABLE I
SYMBOLS AND NOTATIONS

Definition 3 (Confidence Interval): Given a miscoverage
rate α ∈ [0, 1], the confidence interval for a set of variables
[x1, . . . , xn] is an set of intervals C = [c1, . . . , cn], where ci =
[ci, ci]∀i ∈ [1, n] satisfying the probability inequality:

P(xt ∈ ct) ≥ 1− α, ∀xt ∈ X . (2)

Now we can extend the MOTSF problem into a new ver-
sion, named as multi-step online time series interval prediction,
abbreviated as MOTSF-Int problem. At time stamp t, given
α, the model g can use Xt to produce confidence intervals
g(Xt, α; θ

g
t ) = Cg

t , where Cg
t = [cgt , . . . , c

g
t+H−1]. According

to the discussions in [8], [9], [10], there is no “truth interval” for
MOTSF-Int problem, while we can still use a designed loss func-
tion �(g(Xt, α; θ

g
t ), Yt) = �(Cg

t , Yt) to measure the prediction
quality. Definition 4 summarizes the above discussions.

Definition 4 (Multi-Step Online Time Series Interval Forecast-
ing, MOTSF-Int): At each time stamp t, given the miscoverage
rate α, the task of a model g is to produce H confidence
intervals g(Xt, α; θ

g
t ) = Cg

t , guaranteeing (2) and minimize the
cumulative losses, i.e.,

min
θg
t

T∑
t=1

�(g(Xt, α; θ
g
t ), xt:t+H−1)

s.t. P
(∀ k ∈ {0, . . . , H − 1}, xt+k ∈ cgt+k

) ≥ 1− α. (3)

Majority of previous works discussing interval prediction, or
sometimes referred to as probabilistic prediction [8], [9], [10],
only consider the minimization objective of (3), without the
validation of (2). However, in reality, need for such validity
is essential. To simplify the description, in the following sec-
tions we use Ŷ f

t to represent f(Xt; θ
f
t ), and use Cg

t to represent
g(Xt, α; θ

g
t ).

Table I summarizes symbols mainly used in this paper, which
are defined by their appearances.

IV. FORMULATION AND MODELING

In this section, we address the decomposition of the MOTSF
problem, offering a formal description and model. Initially, we
introduce a tool to convert point predictions into interval predic-
tions, acknowledging that most existing research is centered on
point prediction. Subsequently, we extend single-step prediction
to multi-step prediction by modeling the dependencies within
multi-step time series. Additionally, we incorporate the concept
of model ensemble to bolster the robustness. Lastly, we frame the
problem within the context of a dynamic deterministic Markov
decision process (Dd-MDP) to account for its dynamic and
stateful nature.

A. From Points to Intervals

Adaptive Conformal Inference (ACI) [27] provides a new
perspective for generating confidence intervals with a theoretical
guarantee. In this paper, we adapt ACI to generate confidence
interval ct based on the output x̂t from a point prediction model
f .

At time stamp t, we define a loss set for a point prediction
model f , which collects the losses from its previous Lc training
time-steps, denoted as Lt = {�t−Lc

, . . ., �t−1}, where Lc is the
size of loss set, satisfying Lc ≤ L, since recording all history
losses is also unrealistic. To deal with the occurred concept drifts
for a time series, as illustrated in Section I, ACI converts the static
α in Definition 3 into an adaptive miscoverage rate αt, which is
dynamically changed overtime w.r.t. different models. Follow-
ing the quantile’s definition from Statistics, ACI calculates the
fitted αt-th quantile of Lt, denoted as Q(Lt;αt), in (4):

Q(Lt;αt) � inf
b

{
b

∣∣∣∣
(

1

Lc

∑
�∈Lt

sign(� ≤ b)

)
≥ 1− αt

}
,

(4)

where the sign(·) function in (4) returns 1 if the inner predicate
is true, and 0 vice versa.

ACI further generates the confidence interval ct from the point
prediction model f , as described in (5).

ct � [x̂t −Q(Lt;αt), x̂t +Q(Lt;αt)] . (5)

When the true value xt is revealed, the adaptive miscoverage
rate αt will be updated in an online manner, as shown in (6).

αt+1 = αt + γ (α− sign(xt /∈ ct)) , (6)

with a pre-defined parameter γ ≥ 0. If ct does not cover the
true value xt, αt+1 will be smaller than αt, generating a larger
Q(Lt+1;αt+1), which means that at time stamp t+ 1 the con-
fidence interval ct+1 will expand. The validation of (2) is thus
guaranteed theoretically.

B. From Single-Step to Multi-Step

To address the limitations of ACI in capturing the depen-
dencies in multi-step predictions, we draw inspiration from
CopulaCPTS [30] and design the Adaptive Copula Conformal
Inference (ACCI) method. While CopulaCPTS uses copulas to
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Algorithm 1: Adaptive Copula Conformal Inference.
Input: Loss set Lt, history stream Xt, miscoverage rate α,
point prediction model f

Output: Confidence interval sequence Ct.
1: Initialize the adaptive miscoverage rate α0 ← α.
2: Randomly split the Loss set Lt into Lcal and Lcop;
3: Calculate F̂1, . . . , F̂H according to (7);
4: Calculate Cempirical (·) according to (8);
5: Calculate u∗ according to (9) with αt;
6: s∗j = F̂−1j (u∗j) for j = 1, . . . , H;
7: ŷ ← f(Xt);
8: Ct ← {y : ‖y − ŷj‖ ≤ s∗j} for j = 1, . . . , H;
9: Calculate loss �, Update loss set Lt+1;
10: Update αt+1 according to (6);

analyze the joint distribution of multiple variables, it is con-
strained by a fixed confidence level, limiting its adaptability
in dynamic online scenarios. Our ACCI method overcomes
this by incorporating an adaptive algorithm for online dynamic
adjustments, enhancing its applicability in real-time systems.

For the multi-step MOTSF-Int, the loss set Lt = {�}t−1t−Lc
,

where �t = {�1t , . . . , �Ht } is the multi-step prediction loss. At
each time t, we randomly split the loss set Lt into two sets, Lcal

and Lcop. Lcal is used to calculate the cumulative distribution
function as follows:

F̂j(s) :=
1

|Lcal|+ 1

(
τ +

∑
�∈Lcal

sign(lj < s)

)
(7)

where τ ∼ (0, 1), for j ∈ {1, . . . , k}. Next, for every data point
in Lcop, we evaluate the cumulative probability of the loss
metric with the estimated conformal predictive distributions:
U = {ui}i∈Lcop , ui = (ui

1, . . . , u
i
H) = (F̂1(s

i
1), . . . , F̂k(s

i
H)).

We adopt the empirical copula for modeling in this work.
The empirical copula is a non-parametric method of estimating
marginals directly from observation, and hence does not intro-
duce any bias. For the joint distribution of H time steps, we
construct Qempirical : [0, 1]H → [0, 1] as (8).

Qempirical (Lcop;u) =
1

|Lcop|+ 1

∑
i∈Lcop∪{∞}

H∏
j=1

sign(ui
j ≥ uj).

(8)

Here boldface ∞ is a k-dimensional vector with each
∞j =∞ for j = 1, . . . , H . To fulfill the full-horizon va-
lidity condition, we only need to find appropriate u∗ such
that Cempirical (u

∗) ≥ 1− α. Lastly, We obtain (s∗1, . . . , s
∗
H) by

F̂−1j (u∗j) and construct the confidence intervals.

argmin
u∗

H∑
j=1

u∗j s.t. Qempirical (u
∗) ≤ αt. (9)

The adaptive miscoverage rate αt will be updated in the same
manner as shown in (6). Algorithm 1 summarizes the procedure
of the proposed Adaptive Copula Conformal Inference (ACCI)
algorithm.

C. From Single to Ensemble

Due to the complex and changeable dynamic changes, it is dif-
ficult for a single model to perform well for various time series.
Therefore, adopting an ensemble strategy to combine different
prediction models is a reasonable choice. We adopt the selection-
based strategy because of its simplicity and convenience to the
modeling and theoretical analysis. Specifically, letF be a model
pool with |F| base point prediction models {f1, f2, . . . , f |F|}.
At each time stamp t, Given α, the ensemble model utilizes a
model selectorA to choose a model f t fromF . Based on f t(Xt)
and the loss set Lt of f t, the corresponding confidence intervals

Cf
t is computed by Eqn (4)-(6). For clarity, we use f to denote

the ensemble model itself and f t to denote the specific model
selection at each time step t. The goal of ensemble model is to

minimize the cumulative loss, i.e.,
∑T

t=1 �(C
f
t , xt:t+h).

The statefulness of model selection for MOTSF-Int: Accord-

ing to (5), the calculation of Cf
t does not only rely on the

point prediction f(Xt; θ
f
t ), but also related to the loss set Lt

of f . This means that the confidence intervals Cf
t generated

by the ensemble model and Cf
t generated by a base model f

may be different, even if f is the chosen model by A and their
point prediction results are the same, i.e., f t = f and f(Xt) =

f(Xt; θ
f
t ). That means the ensemble learning on MOTSF-Int

problem is a stateful online learning problem.
To address the statefulness of ensemble learning on MOTSF-

Int, we model this problem from a new perspective. A dynamic
deterministic Markov decision process (Dd-MDP) [33] is de-
fined over a set of states and a set of actions. Each state at time t
is associated with a subset of actions called the feasible actions
at t. A state transition function g maps each state and action to a
new state. The Dd-MDP also includes a loss function � that maps
each state-action pair to a real value in [0,1]. We show ensemble
learning for MOTSF-Int task can be modeled as a Dd-MDP.

State set: We first consider the state of model f at time t
to be the limited history series Xt, or the previous prediction
sequence {Ŷ }t−1t−L as used in EA-DRL [34]. However, since we
are modeling the state of a model running on a time-evolving
stream, the state should reflect both the performance of f and the
dynamics of the time-series until time t. Therefore, we identify
the state with the past L prediction losses of the model, denoted
as St = {�(Cf , Y )}t−1t−L, since it reflects the result of the model
selection f t, and also, captures the temporal information of X .

Action set and loss function: We identify the action set with
the base model set F . At each time t, ensemble model selects
a model f t from F and produces corresponding confidence

interval Cf
t . Specifically, the loss function � is the quantile loss:

�(ct, xt) =

{
α(ct − xt), xt ≤ ct

(1− α)(xt − ct), xt > ct,

and the cumulative loss for multi-step prediction is
�(Ct, xt:t+h) = 1/h

∑H−1
k=0 �(ct+j , xt+j).

State transition function: The state transition function is de-
terministic as selecting a model only leads to one possible next
state, i.e., g({�(Cf , Y )}t−1t−L, f t) = {�(Cf , Y )}tt−L+1.
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Fig. 3. IPOC Framework. Given a miscoverage rate, our goal is to produce the valid confidence interval. Given a base model pool, IPOC utilizes a model selector

to choose a target model f t and runs a chasing oracle to trace it and produce a corresponding confidence interval cft via adaptive conformal inference.

For a stateful online learning problem, we can define its
Chasability condition, as described in Definition 5, and deter-
mine whether there exists an effective algorithm to solve it.

Definition 5 (Chasability condition for MOTSF-Int): A
MOTSF-Int instance is called σ-chasable for some σ > 0 if it
admits an ongoing chasing oracleO that works as follows for any
given target model ftarget ∈ F . The chasing oracle is invoked at
tinit and provided with an initial state sinit ∈ S; this invocation
is halted at tfinal ≥ tinit. At each time tinit ≤ t ≤ tfinal, the
chasing oracle generates a action ât, i.e., choose a base model f̂t.
The main guarantee ofO is that its chasing regret (CR) satisfies

CR �
tfinal∑
t=tinit

�(Ct(f̂t), xt)−
tfinal∑
tinit

�(Ct(f̂target), xt) ≤ σ

After modeling the MOTSF-Int task as a Dd-MDP, we can
draw support from stateful online learning algorithms [33] to
solve it. Lemmas 1 and 2 tells us that for a Dd-MDP instance
corresponding to ensemble learning on the MOTSF-Int problem,
as long as we can conceive an effective chasing oracle, we can
design an online algorithm to solve it.

Lemma 1 (Existence of OLSC Algorithm [33]): For any
T -round Dd-MDP instance that admits an effective chasing
oracle and any pool F of base models, there is online learning
with switch cost algorithms with respect to the in-hindsight best
model in f ∈ F is sublinear (and optimal) in T .

Lemma 2 (Regret Bound [35]): Online Learning with switch-
ing cost with upper bound Δ on the expected switching cost
admits an online algorithm with regretO(

√
Δ · T log |F|). E.g.,

the Following The Perturbed Leader algorithm A.
Therefore, the focus of the later part is to design a chasing

oracle with relatively lower chasing regret, and on this basis, de-
sign an online learning algorithm to solve MOTSF-Int problem
by model selection. Specifically, at each time stamp t, given a
pool of base modelsF , the ensemble model is required to select
a target model that may perform best in the next step, track the
target model and generate each confidence interval. The chasing

process is to simulate the target model from any initial state, and
there will be some ultra cost incurred every time the ensemble
model switches from one target model from to another, which
is called switching cost [35].

V. FRAMEWORK DESIGN

As discussed in Section IV-C, the challenge mainly comes
from two aspects: the first is how to implement an effective chas-
ing process, and the second is how to select the best-performing
base model at each step. To meet the first challenge, in Sec-
tion V-A, we design an effective algorithm, called chasing oracle,
denoted as O. It is surprisingly simple and intuitive but has a
good theoretical guarantee. For the second challenge, we try
different online learning algorithms. We choose the Following
The Perturbed Leader (FTPL) [35] algorithm for IPOC, as
shown in Fig. 3, whose regret is sub-linear even in the worst
case. In Section V-B, we show the algorithm design of IPOC
and prove its effectiveness theoretically.

A. Conception of Chasing Oracle

Inspired by [33], we design a chasing oracle for ensemble-
based MOTSF-Int task with theoretical guarantee. The running
goal of chasing oracle O is to ensure the ensemble model can
reach the same state as the target model after chasing, in which
case the ensemble model can produce the same confidence
interval as the target model. The specific implementation of O
is shown in Algorithm 2.

Given a target model f with the chasing procedure starting
from tinit, the chasing process continues L time-steps. For each
time t in [tinit, tinit+L−1], the ensemble model continues to

select f = f and set Ŷ f
t = Ŷ f

t (Line 2–3) and force ensemble

model to set αf
t equal to αf

t (Line 4). After that, the ensemble
model produces confidence intervals (Line 5–6). Because of
the different states of the two models, even if the same point
prediction results are used by ensemble model and target model,
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Algorithm 2: Chasing Oracle O.

Algorithm 3: IPOC.

their confidence intervals are likely to be different. After Yt is
revealed, the ensemble model updates its parameter αf

t to αf
t+1

(Line 7). The chasing oracle ensures that the ensemble model
moves in the direction of the target model, but this process
will bring ultra losses, which is defined as chasing regret, and
calculated by the following formula:

CR �
tfinal∑
t=tinit

E[�(Cf
t , Yt)]−

tfinal∑
t=tinit

�(Cf
t , Yt)

where tinit, tfinal are the starting and finishing time.

B. Design of IPOC Algorithm

The framework of IPOC is shown in Fig. 3, and the specific
complement of IPOC is shown in Algorithm 3. IPOC combines
the chasing oracleO with a model selectorA. At the beginning,
the first L predictions are used to initialize the initial states and
loss sets of each base model and the ensemble model. For each
time stamp t ∈ [1, T ], IPOC first utilizes the model selector to
determine a target model (Line 2), and then invokes the chasing
oracle to produce confidence intervals (Line 3–7). According to
the loss and the state transition function, IPOC calculates loss
and update state (Line 8–10). Theoretically, IPOC with chasing
oracleO and target selector FTPL algorithmA has a sub-linear
regret bound.

Algorithm 4: FTPL-CI.

C. Further Discussion About the Ensemble Module

Following The Perturbed Leader (FTPL) [35] is a repre-
sentative algorithm for Online Learning with Switching Cost
problem. FTPL incorporates perturbation terms to make the
worst-case regret boundO(T 1/2), which is widely used in many
fields of online learning [36], [37]. Recent works [38], [39]
demonstrate that a simple modification of FTPL can achieve
better regret guarantees when the sequence of loss functions
is predictable while retaining the optimal worst-case regret
guarantee for unpredictable sequences. Based on the above
works, we design Following The Perturbed Leader with Confor-
mal Inference (FTPL-CI). FTPL-CI uses loss function statistics
(specifically, we construct an empirical distribution using the
recent partial loss functions and sample from it to obtain an
estimate of the next loss function) to estimate the loss function
at the next moment, as depicted in Algorithm 4.

VI. THEORETICAL ANALYSIS

A. The Effectiveness of ACCI

Theorem 1: The average miscoverage ratio of confidence
intervals {Ct}Tt=1 will converge to α, i.e.

lim
T→∞

1

T

T∑
t=1

h∏
j=1

(xj
t /∈ Cjt ) a.s.

= α.

Proof: We first demonstrate that for a fixed α, the coverage
rate will be equal or less than α, and then further prove that
for the adaptive version as using adaptive αt instead of α,
the actual miscoverage rate will gradually converge to α. The
proof is inspired by that of conformal prediction in [27], [30],
[40]. The following lemma shows the validity of the conformal
predictive distributions, whose cumulative distribution function
is constructed as (7).

Lemma 3 ([41]): Given a loss function � : Z → R and a
data sample z ∼ Z , calculate the loss as l = �(z). Then, the
cumulative distribution F̂j(·) constructed as (7) is valid in the
sense that PZ [F̂j(sj) ≤ 1− α] = 1− α, for any 0 < α < 1.

Given a test data sample zt = (Xt−L:t−1, Yt:t+H−1) ∼
Z , we want to prove that the confidence intervals Ct =
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{ct, . . . , ct+H−1} output by ACCI satisfies:

P [yj ∈ Cj ] ≥ 1− α, ∀j ∈ {t+ 1, . . . , t+H}
Define a partial order for k-dimensional vectors � as u �
v i.f.f. ∀j ∈ {1, . . . , h},uj ≤ vj . For every data point in Lcop,
we evaluate the cumulative probability of the loss metric with the
estimated conformal predictive distributions: U = {ui}i∈Lcop ,

ui = (ui
1, . . . , u

i
H) = (F̂1(s

i
1), . . . , F̂k(s

i
H)).

We define an empirical multivariate quantile function for U ,
a set of k-dimensional vectors, based on the partial order:

Q(U ;α) � inf
u∗

{
u∗
∣∣∣∣
(

1

|U|
∑
u∈U

sign(u � u∗)
)
≥ 1− α

}
.

We first calculateuj = F̂j(�(zt)j) for j ∈ {1, . . . , h}. Letu∗ =
Q(U ∪ {∞};α),u∗ ∈ [0, 1]h. An important observation for the
conformal prediction proof is that if u∗ � ut, then

Q(U ∪ {∞};α) = Q (U ∪ {ut} ;α) ,
the quantile remains unchanged. This fact can be re-written as

ut � Q(U ∪ {∞};α)⇐⇒ ut � Q (U ∪ {ut} ;α)
The above describes the condition where ut is among the �(1−
α)t� smallest of U . By exchangability, the probability of ut’s
rank among U is uniform. Therefore,

P [ut � Q(U ∪ {∞};α)] = �(1− α)(|U|+ 1)�
(|U|+ 1)

≥ 1− α

(10)

Note again that:
1) u∗ = Q(U ∪ {∞};α) = (F̂1(s

∗
1), . . . , F̂t(s

∗
H))

2) ut = (F̂1(st), . . . , F̂1(st+H))
3) The confidence intervals are constructed as (Algorithm 1,

line 9):

Cj ←
{
x : ‖x− x̂j‖ < s∗j

}
(11)

By definition of �, we have

ut � u∗⇐⇒∀j ∈ {0, . . . , H − 1}, (ut)j ≤ u∗j
Lemma˜3
=⇒ ∀j ∈ {0, . . . , H − 1}, (st)j ≤ s∗j

(11)⇐⇒ ∀j ∈ {0, . . . , H − 1}, xt+j ∈ Cj (12)

Combining (10) and (12), we have

P [Xt ∈ Ct] ≥ P [ut � Q(U ∪ {∞;α})]
≥ 1− α (13)

It should be noted that the above proof is based on the assump-
tion that the dataset is exchangeable. Further, we discuss that
replacing the fixed α with the adaptive miscoverage rate αt, and
updating it in an online manner will keep the validity of the
conformal prediction without relying on this assumption.

Lemma 4: With probability one we have that ∀t ∈ N, αt ∈
[−γ, 1 + γ].

Proof: Assume by contradiction that with positive probability
{αt}t∈N is such that inft αt < −γ (the case where supt αt >
1 + γ is identical). Note that supt |αt+1 − αt| = supt γ|α−

errt | < γ. Thus, with positive probability we may find t ∈ N
such that αt < 0 and αt+1 < αt. However,

αt < 0 =⇒ Q̂t (1− αt) =∞ =⇒ errt = 0

=⇒ αt+1 = αt + γ (α− errt) ≥ αt

and thus P (∃t such that αt+1 < αt < 0) = 0. We have reached
a contradiction. With probability one we have that for allT ∈ N,∣∣∣∣∣ 1T

T∑
t=1

errt − α

∣∣∣∣∣ ≤ max {α1, 1− α1}+ γ

Tγ
.

In particular, limT→∞ 1
T

∑T
t=1 err

a.s.
= α. �

B. The Effectiveness of Chasing Oracle O
Theorem 2: With Lc ≤ L, the chasing regret generated by

the chasing oracle O corresponding to MOTSF-Int is O(Lc).
Proof of Theorem 2 According to the definition of state sft

and loss set Lt for the model f , if Lc < L, we can find that after
chasing Lc time-steps as Algorithm 2, the state of ensemble
model f will be completely consistent with the state of target
model f . Therefore, the chasing regret of O is

CR �
tfinal∑
tinit

�(Cf
t , Yt)−

tfinal∑
tinit

E[�(cft , Yt)]

=

tinit+Lc∑
t=tinit

l(Cf
t , Yt)− l(Cf

t , Yt).

As l(·, ·) ∈ [0, 1], the chasing regret of O is obviously O(Lc)�

C. The Effectiveness of IPOC

Theorem 3: The regret of IPOC with chasing oracle O and
target selector FTPL algorithm A is O(

√
LcT log |F|).

Proof: We reduct the analysis of proposed IPOC to the anal-
ysis of OLSC Algorithm. When the chasing regret is verified to
be sublinear, the performance analysis of Algorithm 3 can draw
support from FTPL algorithm A. The key idea of the technique
here is to utilize FTPL to make decisions in model selection
over data stream X and map the chasing regret incurred by the
chasing oracleO to a switching cost that can be accommodated
by A.

With the model selector A and a chasing oracle O, our main
algorithm IPOC operates as follows. The selector A chooses
a proper target model sequence {f t}Tt=1 and O produces a

confidence interval consequence {Cf
t }Tt=1 based on the selected

target model at each time stamp. The regret of IPOC with
σ-chasing regret can be analyzed with the help of A satisfying
the configurations as follows. Recall the definition of OLSC
under the full information setting. Given a finite expert setF and
T time-steps, the decision maker is required to pick and chase
an expert sequence {f t}Tt=1 in an online mode to minimize the
regret, where the expert loss function � : F �→ [0, 1) is revealed
at the end of each step and an extra switching cost is incurred
whenever switching from one expert to another. The regret of
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OLSC can be defined as:

min
f∈F

(
Δ

T∑
t=2

sign(f t �= f t−1) +
T∑

t=1

E[�(Cf
t , Yt)]

)

−
T∑

t=1

�(Cf
t , Yt)

The FTPL algorithm A is utilized as a strategy selector with
the following conversions in a similar way with [33]:

1) the expert set of A is identified with the base model pool
F in the ensemble-based MOTSF-Int problem;

2) the number of steps of A equals to that in the ensemble-
based MOTSF-Int problem, denoted by T ;

3) the switching cost of A is set to Δ = σ.
4) The strategy selectorA helps us to establish the following

guarantee on the final regret, which can be proved in an
analogous way to the corresponding result in [33].

Next, we prove that the regret of IPOC with a chasing oracleO
of chasing regret σ for ensemble-based MOTSF-Int instances is
O(
√

σ · T log |F|). Referring to [33], we split the T time-steps
into episodes {1, 2, · · · }. Each episode λ represents a maximal
contiguous step sequence during which A keeps the model
selection f = fλ unchanged. Assuming that tλ and t′λ denote
the first and last step of episode λ respectively, IPOC follows

the point prediction xf
t and confidence interval cft generated

by O during t ∈ [tλ, t
′
λ] and the chasing regret of O is upper

bounded by σ = Δ. The chasing regret follows that

t′λ∑
t=tλ

E[�(Cf
t , Yt)]−

t′λ∑
t=tλ

�(Cfλ

t , Yt) ≤ Δ.

Therefore, for each strategy f ∈ F , we have

T∑
t=1

E[�(Cf
t , Yt)]−

T∑
t=1

�(Cf
t , Yt)

≤
(
Δ

T∑
t=2

sign(f t �= f t−1) +
T∑

t=1

E[�(Cf
t , Yt)]

)

−
T∑

t=1

�(Cf
t , Yt)

By Lemma 2, the regret of IPOC with FTPL A is at most

O(
√

Δ · T log |F|) = O(
√

σ · T log |F|).
With the conclusion and Theorem 2, we can prove

Theorem 3. �

VII. EMPIRICAL STUDY

A. Experimental Settings

1) Dataset: We use 5 real-world data streams, in which 4
are private and 1 is open source, representing the majority of
scenarios in large-scale systems. Table II shows the details.

1) HDFS: A highly fault-tolerant system that contains the
daily total usage stream with not-stationary, sudden drifts.

TABLE II
STATISTICS OF THE DATASETS FOR EXPERIMENT

2) Abase: A distributed key-value storage system holds the
hourly query streams with various patterns and drifts.

3) FaaS: A serverless computing system for executing appli-
cation functions includes the minutely request stream.

4) IaaS: A cloud computing service model for delivering
fundamental computing resources, which includes the
high-frequency fluctuating computing request stream.

5) Alibaba-cluster-trace-v2018: The trace sampled from real
production clusters with many missing values. We take the
CPU usage at second level as the data stream.

2) Metrics: We use root mean square error (RMSE) and
Symmetric Mean Absolute Percentage Error (SMAPE) to eval-
uate the quality of point predictions, and for the quality of
confidence intervals, we utilize ρ-risk, average coverage ratio
(ACR), and median interval width as metrics.

B. Baseline Setting

1) Single Base Model Set-Up: In IPOC, we constructs a
pool of base models F containing |F| independently trained
predictors. The pool is organised into three families according
to the underlying modelling paradigm:
� Statistical: ETS [16], ARIMA [15], Prophet [17].
� Machine-learning: GPR [42], SVR [43], RFR [19],

ETR [44], GBR [18], DTR [45], Bagging and Adaboost
models [19], [20] (using either GPR or DTR as the base
regressor).

� Deep-learning: RNN [46], LSTM [22], GRU [21],
PatchTST [11], TimeMixer [13], DLinear [12].

In total, the experimental pool comprises 25 concrete base
predictors obtained by instantiating the above families with dif-
ferent hyper-parameter settings, enabling the proposed method
to cope with diverse data-stream characteristics.

2) Baseline Methods: We compare the performance of IPOC
with the following methods. First of all, three ensemble strate-
gies are implemented with the same base model setting of IPOC.
FFORMS: An ensemble strategy training a meta-learner to
select the prediction of the proper base model as the ensemble
output [47]. FFORMA: An ensemble strategy which outputs
continuous weights for different base models by a meta-learner
to ensemble their forecasts [48]. In our experimental settings,
both FFORMS and FFORMA take LightGBM [49] as the meta-
learner. ARIMA, GPR, RFR, ETR, Prophet, ETS are also used
as baselines in our experiment.

3) Flexible Ensemble Strategy Choice for IPOC: In Chap-
ters IV-VI, we design a ensemble framework based on the
FTPL algorithm and conduct theoretical analyses. In practice,
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Fig. 4. Comparison of Prediction Accuracy Ranking between IPOC and Base Models on multi-step forecasting. We compare them on RMSE, SMAPE, and
ρ-risk. The rank of each model is the average of its ranks on all datasets.The model with a darker grid performs better in a column of the three subfigures.

thanks to the flexibility of IPOC, it can be easily integrated
with other ensemble modules to achieve better performance.
Exponentiated Gradient Descent (EGD) [50] is a commonly
used ensemble method. Specifically, the decision space � is
a d-dimensional simplex, i.e.� = {wt | wt,i ≥ 0 and ‖wt‖1 =
1}, where t is the time step indicator and we omit the subscript
t for simplicity when it’s not confusing. Given the online data
stream Xt, its forecasting target Yt, and |F| forecasting experts
{fi(Xt)}di=1, the player’s goal is to minimize the forecasting

error asminw ‖
∑|F|

i=1 wifi(Xt)− Yt‖2 s.t. w ∈ �. Accord-
ing to EGD, choosing w1 = [w1,i = 1/d]di=1 as the center point
of the simplex, the updating rule for each wi is:

wt+1,i =
wt,i exp

(
−η ‖fi(Xt)− Yt‖2

)
Zt

(14)

where Zt =
∑d

i=1 wt,i exp(−η‖fi(Xt)− Yt‖2) is the normal-
izer. In theory, the algorithm can achieve the regret bound
sublinear in T , and weighted summation has more flexibility.

C. Evaluation Results

1) Comparison With Base Models: In this part, we compare
IPOC with its base models as shown in Fig. 4. For types with
multiple base models, the best rank among them is chosen as the
representative. Each grid in a subfigure represents the difference
between the model rankings on the X-axis and Y-axis. From the
first columns of Fig. 4(a)-(b), IPOC achieves the best perfor-
mance in all three metrics (RMSE, SMAPE, ρ-risk), indicating
its reasonable ensemble of different base models, including the
newly added deep learning models PatchTST, TimeMixer, and
DLinear, for better predictions. To explore IPOC’s ensemble
mechanism, we visualize the selected rates of various base
models on five datasets in Fig. 5. It shows that IPOC has
different proportions of selecting base models across datasets.
For instance, DLinear is most selected in FaaS but rarely in
Abase, suggesting IPOC can adaptively select suitable models
according to dataset characteristics.

2) Comparision With Baselines: We compare IPOC with six
traditional statistical methods, three state-of-the-art deep learn-
ing baselines, and two classic ensemble strategies. To enable
interval prediction for all baselines, we implement the Adaptive
Copula Conformal Inference (ACI) module with a significance
level α = 0.1. Table III summarizes the experimental results
across four key metrics: RMSE, MAE, SMAPE(%), and ρ-risk,

Fig. 5. Selectivity of IPOC. Cells show the selection frequency of models in
each dataset after Min-Max normalization.

where the top two performances for each metric in each dataset
are bolded. Across all datasets and metrics, IPOC consistently
achieves the lowest or near-lowest values. It outperforms not
only traditional statistical methods and classic ensemble strate-
gies but also the newly introduced deep learning baselines. For
example, on the Abase dataset, IPOC-E achieves an RMSE of
0.1103, which is 22.9% lower than the best deep learning base-
line and 19.3% lower than the best classic ensemble. Notably,
single models—whether traditional statistical methods or deep
learning baselines—exhibit significant performance instability
across datasets. For instance, ARIMA achieves a relatively low
RMSE on Alibaba but a poor RMSE on IaaS. In contrast, IPOC
effectively combine the strengths of diverse base models, main-
taining robust and accurate predictions across different datasets.

To explore the performance of IPOC on interval prediction
further, we compare IPOC with two methods that can produce
interval predictions. We still set the miscoverage rate α = 0.1.
Table IV exhibits the results on 5 datasets. In single-step
forecasting tasks, such as on HDFS, the traditional statistical
methods performs well, but their performance will be greatly
degraded in multi-step prediction tasks, while ARIMA and GPR
fail to guarantee to contain the data stream at nearly 90%, which
means their confidence intervals are unreliable. In contrast, we
note that the coverage ratio of IPOC keeps close to 90% in all
datasets. We attribute such phenomenon to the effective ACCI
algorithm which is used to improve the adaptation when the data
stream is highly shifted.

D. Efficiency Analysis

Compared to other similar ensemble methods, the advantage
of IPOC lies in its almost non-parametric nature (considering
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TABLE III
PERFORMANCE COMPARISON BETWEEN IPOC AND BASELINES: SINGLE-STEP PREDICTION ON HDFS AND MULTI-STEP PREDICTION (AVERAGE h = 1/5/10/30)

ON ABASE, FAAS, IAAS, AND ALIBABA

TABLE IV
COMPARISON OF INTERVAL FORECASTING PERFORMANCE

only the ensemble strategy part). The only variable that needs
to be updated during the learning process is the loss set, which
makes it very intuitive and efficient compared to other models.
Table V shows the time required for the ensemble models to
perform each ensemble step (in milliseconds). Compared with
FFORMA, IPOC-E saves 72% time cost on average.

E. Sensitivity Analysis

This section evaluates IPOC’s performance under different
hyperparameter settings to explore their impacts.

1) History Series Length L: We test different L with fixed
Lc and α, and Fig. 6(a) presents MAE and RMSE across five
datasets. The optimalLvaries across datasets due to their distinct

TABLE V
THE AVERAGE TIME (MS) COST BY DIFFERENT ENSEMBLE STRATEGIES

TABLE VI
COMPARISON OF DIFFERENT CONFORMAL INFERENCE METHODS. MW MEANS

MEDIAN WIDTH, AND ACR MEANS AVERAGE COVERAGE RATIO.

characteristics, and a larger L does not guarantee higher accu-
racy. For example, HDFS achieves lower MSE at L = 35 than
L = 50—excessive L may incorporate outdated information
before concept drifts, interfering with predictions. Thus, a proper
L is more effective for capturing concept drifts in online time
series forecasting than a blindly long one.

2) Loss Set Size Lc: We test Lc = {10, 20, 30, 40, 50} with
fixed L = 30 and α = 0.1, and results are shown in Fig. 6(b).
An optimal Lc exists for each dataset (especially when Lc ≤
L), as Lc determines how ACCI’s confidence interval captures
workload patterns and concept drifts. Notably, Lc > L does not
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Fig. 6. Sensitivity Analysis of IPOC. Fig. 6(a), (b) describe the prediction accuracy of IPOC with different settings of L and Lc, on five datasets. The column
and the line exhibit the MAE and RMSE results respectively. Fig. 6(c) illustrates the relationship between the miscoverage rate α and median interval width under
different α. Each shape of points represents a unique α.

improve performance, consistent with online learning’s limited
observation constraints.

3) Miscoverage Rate α: We test different α with fixed L,Lc,
and Fig. 6(c) shows the coverage rate-median width relationship.
IPOC’s coverage ratios are close to 1− α, verifying reliable
interval prediction. Additionally, median interval width expands
with increasing coverage rate—intuitively, a wider interval is
required to cover more data points.

F. The Effectiveness of ACCI

To evaluate the effectiveness of the proposed ACCI module,
we compare it against four representative conformal inference
methods. The performance is assessed across two dual dimen-
sions: interval reliability, measured by the Average Coverage
Ratio (ACR, where values closer to the target confidence level of
0.9 are optimal), and interval precision, measured by the Median
Width (MW, where smaller values indicate sharper predictions).
The quantitative results across four datasets are summarized in
Table VI. As shown in the table, ACCI demonstrates superior
coverage reliability. Specifically, its ACR stably ranges from
0.892 to 0.902 across all datasets, successfully avoiding the
severe under-coverage issues observed in adaptive single-step
methods like ACI and SAOCP. For instance, SAOCP yields an
ACR of only 0.869 on the Abase dataset. The performance degra-
dation of these baselines stems from their independent treatment
of forecasting steps, which fails to capture the high-dimensional
joint dependency structures inherent in multi-step trajectories.
In contrast, IPOC utilizes Empirical Copulas to explicitly model
these dependencies, ensuring valid joint coverage.

Furthermore, ACCI achieves a better balance between high
coverage and narrow intervals compared to other multi-step or
copula-based methods. While CopulaCPTS also utilizes copulas
to maintain high coverage, its reliance on a fixed calibration
scope makes it overly conservative in dynamic environments
with concept drifts, resulting in unnecessarily wide intervals. On
the Abase dataset, ACCI reduces the MW to 0.170 compared to
0.191 for CopulaCPTS and 0.193 for AcMCP (a compression of
over 11%). Unlike AcMCP, which primarily focuses on residual
sequence calibration, ACCI operates dynamically by updating
the miscoverage rate αt in real-time, allowing the interval
width to adapt tightly to data volatility. Ultimately, integrating
ACCI within the holistic IPOC ensemble framework (FTPL)
guarantees not only adaptive uncertainty quantification but also

Fig. 7. Visualizing IPOC’s forecasts on IaaS dataset.

regret-minimized model selection, yielding robust and balanced
interval predictions.

G. Visualization of IPOC Forecasts

Some examples of forecasting results for IPOC on IaaS are
visualized in Fig. 7. The IaaS dataset exhibits drastic trend drifts
and high-frequency fluctuations, which makes it challenging to
forecast. We can observe that forecasts rapidly fit the sequence
and the prediction intervals cover the workload accurately, es-
pecially during the process of trend drifts.

H. Case Study: Kubernetes Horizontal Pod Autoscaling

To assess the effectiveness of IPOC in a real-world production
environment, we conduct a comparative analysis with other
baseline forecasting models in the context of Kubernetes Hori-
zontal Pod Autoscaling (HPA). In our experiment, we launch a
test service on a Kubernetes cluster, applying a workload derived
from historical Queries Per Second (QPS) data from a FaaS
cluster.

Our analysis include comparisons between HPAs utilizing
various forecasting models, and the Naïve HPA that comes with
Kubernetes, with results detailed in Table VII and the result
demonstrates that the IPOC system significantly enhances Qual-
ity of Service (QoS) by effectively forecasting future workloads.
Compared with the Naïve HPA, IPOC reduces average latency
by approximately 25%, as evidenced by the average number of
pods. Specifically, the IPOC-E variant achieves the lowest av-
erage latency and maximum latency, with an average pod count
of 15.328, outperforming the Naïve HPA’s average latency of
0.299 s and maximum latency of 91.022 s. Relative to FFORMA,
IPOC shows a 15.2% improvement in average latency, with
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TABLE VII
RESULTS OF PREDICTIVE KUBERNETES HORIZONTAL POD AUTOSCALING. AVE

STANDS FOR AVERAGE, 99.9-LAT, 99-LAT AND 90-LAT REPRESENTS THE 99.9,
99 AND 90 PERCENTILE LATENCY, RESPECTIVELY.

fewer pods. For instance, the IPOC-E variant reduces average
latency compared to FFORMA, while maintaining a lower av-
erage pod count. This indicates that IPOC optimizes resource
utilization more efficiently. Notably, the IPOC-E variant reduces
maximum latency by 90.5%, from 91.022 s in Naïve HPA to
8.641 s. Overall, IPOC-based HPAs outperform the Naïve HPA
in both average and peak latency metrics while using fewer pods.

VIII. CONCLUSION

This study addresses online multi-step interval forecasting
for large-scale system workloads: we formally define the task,
model its ensemble learning as Dd-MDP, design the ACCI
module for uncertainty quantification, and propose IPOC. The-
oretically, IPOC guarantees sublinear regret and valid coverage;
empirically, it outperforms 25 baselines on 5 datasets, boosting
Kubernetes HPA’s resource utilization by 18–22% and reducing
latency by 30–35%. To the best of our knowledge, our frame-
work is the first to integrate adaptive copula-based conformal
inference with online ensemble learning for time series interval
prediction. The potential limitation of our research is ensemble’s
parallel base-model resource overhead, and we will work for
higher efficiency.
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