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Abstract: Elastic compute platforms must provision enough replicas to absorb bursty arrivals while avoiding
persistent over-reservation. This paper develops DR-MPC-Elastic, a distributionally robust multi-timescale
controller for microservice autoscaling. The method replaces a fixed safety margin with a data-dependent
ambiguity radius estimated from the tail of recent forecast residuals. It combines an arrival-service workload
model, a Wasserstein distributional uncertainty set, a CVaR tail-risk surrogate, and a mirror-descent projection
that produces integer replica decisions with bounded actuation. The empirical case study uses a public Alibaba
microservice trace containing 44, 903 cleaned records, 390 thirty-second control windows, 381 service
identifiers, and 13, 060 container identifiers. Compared with a reactive HPA-like policy, DR-MPC-Elastic
materially reduces SLA-risk slots while preserving a transparent cost-risk trade-off. The contribution is
theoretical, auditable, and implementation-oriented: autoscaling is treated as risk-calibrated online optimization

rather than as an opaque reinforcement-learning policy.
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1. Introduction

Cloud compute elasticity has moved from a coarse capacity-planning practice to a fine-grained control
problem. Warehouse-scale computers originally emphasized high utilization, fault isolation, and global
scheduling [1-5]. Modern cloud-native systems add another layer of difficulty: services are decomposed into
microservices, event-driven functions, sidecars, and heterogeneous accelerators. The control plane must decide
how many replicas to run, where to place them, how fast to scale them, and how much tail-risk to accept when
demand shifts faster than the monitoring window. In practice, the difficult question is not whether a service can
be scaled, but whether the scaling decision is timely, explainable, and safe under uncertainty.

The dominant production interface remains horizontal autoscaling. Kubernetes HPA and related event-
driven systems typically convert observed utilization or queue length into replica targets [6,7]. This interface is
valuable because it is simple and operationally familiar. Yet its simplicity also creates a statistical blind spot. A
smoothed utilization signal is not a sufficient statistic for near-future SLO risk. Tail latency depends on arrival
burstiness, service-time dispersion, queue carry-over, replica start-up delay, routing imbalance, and dependency
retries. When these effects interact, an autoscaler that reacts only after utilization rises can expand exactly when

the service has already accumulated a queue.
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A second family of methods uses prediction. Predictive autoscaling is attractive because many services
exhibit diurnal and weekly patterns. However, prediction alone does not answer a safety question. If a forecast is
wrong, should the controller assume a mild residual, a high-percentile residual, or an adversarial residual within
a plausible neighborhood? The difference is material. A controller calibrated to the conditional mean can look
efficient in calm periods and fail during promotions or incidents. A controller calibrated to a fixed high
percentile can be safe but expensive. A production controller therefore needs a risk budget that adapts to recent
residual behavior rather than a manually chosen safety factor.

Reinforcement-learning schedulers and neural policies offer another route [8,9]. They can represent complex
states and nonlinear control actions, but their operational opacity is a serious barrier in cloud platforms. When a
controller causes an SLO violation, service owners and platform engineers need to know which signal drove the
decision. Was the controller reacting to service demand, arrival rate, queue backlog, or uncertainty? If the
answer is hidden inside a neural policy, deployment becomes a trust problem. This paper takes a different
position: the autoscaling policy should be mathematically inspectable, even if that means accepting a more
conservative and structured model.

DR-MPC-Elastic is built around this position. The controller estimates a short-horizon workload, measures
the tail of recent forecast residuals, turns that tail into a Wasserstein ambiguity radius, and then computes a
CVaR-corrected replica target. The target is not applied directly. It is projected through a mirror-descent update
with an actuation bound, because real platforms cannot absorb arbitrary scaling jumps without image-pull
pressure, scheduler churn, and connection instability. In this sense, the proposed controller is both statistical and
mechanical: it models uncertainty, but it also respects the actuator through which the decision reaches the cluster.

The paper contributes a unified formulation for risk-aware elastic compute. It brings together queue dynamics,
distributionally robust optimization, CVaR tail control, and online convex optimization [10—15]. Each component
is classical, but the combination is tailored to autoscaling. The ambiguity radius is not a theoretical constant; it is
estimated from a rolling residual tail. The CVaR term is not a generic risk penalty; it is tied to SLO excess. The online
projection is not a mathematical afterthought; it limits replica actuation. This synthesis is the central contribution.

The empirical study uses a public Alibaba microservice trace rather than a purely synthetic workload [16].
Public traces are imperfect because they do not expose every production detail, but they are valuable because
they contain the irregularity that synthetic traces often smooth away. The trace allows the paper to show how a
tail-risk budget behaves when service demand, invocation intensity, and active-service count move together. The
goal is not to reverse-engineer Alibaba’s internal scheduler. The goal is to test whether the proposed decision
rule creates the cost-risk behavior that the theory predicts.

The results support the intended interpretation. Static high-watermark provisioning is safe but wasteful.
Reactive autoscaling is cheap but risky. Quantile forecasting improves over pure reaction but remains sensitive
to residual-tail misspecification. DR-MPC-Elastic occupies a middle region where extra capacity is allocated
when residual tails widen and removed when the workload becomes predictable. This behavior is precisely what
a risk-calibrated controller should do.

The rest of the paper is organized as follows. Section 2 reviews cluster scheduling, autoscaling, serverless
computing, robust optimization, and online control. Section 3 defines the workload model and objective. Section
4 derives the distributionally robust tail-risk correction. Section 5 presents the algorithm and its implementation
interface. Sections 6 and 7 describe the public trace case study and results. Section 8 discusses deployment

limits and failure modes, and Section 9 concludes.

2. Related Work and Research Gap

Large-scale cluster managers such as Borg, Omega, and Kubernetes created the operational vocabulary of
modern compute scheduling [3—5]. Their primary concerns include placement, quota, priority, preemption, and
reliability. Systems such as Paragon and Quasar later showed that resource interference and heterogeneity must
be considered when scheduling latency-sensitive workloads [17,18]. These systems motivate the present work,
but they do not by themselves solve the short-timescale autoscaling problem. Replica control is a sequential risk

decision, not only a placement decision.
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Serverless computing intensifies the same challenge. Public Azure Functions traces and harvested-resource
systems show that invocation streams can be sparse, bursty, and highly skewed [19-22]. Cold starts and provisioning
delays make reactive control especially fragile. The lesson from serverless platforms is that elasticity must be
predictive enough to avoid delay spikes and conservative enough to account for missing information.

Queueing theory explains why utilization near saturation is dangerous [23,24]. Even small residual errors
can produce large delay changes when service utilization is high. Robust optimization and distributionally
robust optimization provide a language for protecting decisions against distribution shift [12,13]. Online convex
optimization provides regret guarantees for sequential decisions [14]. Model predictive control provides a
rolling-horizon implementation pattern [15]. This paper combines these lines into a single autoscaling rule.

Recent edge-computing and efficient-Transformer studies reinforce the resource-aware premise of this
paper: reconstruction, training, and compression algorithms must expose how accuracy is traded against
compute and memory budgets [25-27]. Multimodal and medical-image learning studies make a similar point for
high-value analytical workloads, where transparent pipelines and task-adaptive neural modules are needed
before cloud or edge deployment can be trusted [28—30]. Related medical segmentation, mobile diagnostic, and
graph-based drug-target studies further illustrate the growing demand for elastic infrastructure that can serve
heterogeneous Al workloads with predictable latency and reliability [31-33].

The paper also draws motivation from model validation and inverse-parameter identification outside cloud
systems. Field bioretention studies show why process models must be checked against measured data before being
used for decisions [34,35]. Dissertation-scale and review work on nitrogen modeling emphasizes calibration discipline
and process interpretability [36,37]. Plasmonic sensing and indentation-based mechanics provide parallel examples
in which physically meaningful parameters are estimated from indirect measurements rather than hidden inside a
black-box predictor [38—41].

The research gap is practical synthesis. Existing works often optimize mean cost, use a fixed safety margin,
or learn a black-box policy. DR-MPC-Elastic instead exposes the uncertainty budget as a visible signal. The
ambiguity radius can be monitored, capped, and audited. This makes the controller more compatible with

production incident review than a policy whose internal reasoning is inaccessible [42—53].

3. Workload Model and Objective

The system is observed at discrete control windows of length 4. In each window the platform observes an
arrival-rate proxy, a service-demand proxy, the current number of replicas, and optionally a queue or backlog
signal. The workload a, is the product of arrival rate, service demand, and window length. The controller
chooses an integer replica count 7, subject to platform minimum and maximum limits.

The objective contains three terms: replica cost, SLO-excess cost, and actuation cost. The first term captures
resource spending. The second term captures the economic or reliability cost of violating a latency or timeout
target. The third term captures the operational cost of changing replicas too quickly. All three terms are
necessary. Removing the actuation term makes the controller look artificially good in offline simulations while
creating instability in real clusters.

Before the first equations appear, the notation is fixed explicitly. The index t denotes a single control
window, while T denotes the full evaluation horizon. The policy z is the mapping from observed telemetry to a
replica decision. The decision n, is the number of replicas requested for window t; it can be a scalar for one
aggregated service or a vector when several services are controlled together. The cost vector c¢ prices each
replica, D, is the latency or delay proxy, 7 is the SLO threshold, 4, weights SLO excess, and 4, weights actuation
between adjacent windows.

The arrival-service variables have direct operational meanings. The arrival rate 4, is the request or invocation
intensity in window t. The service demand s, is the average work per request, measured by service time, CPU
time, or a calibrated demand proxy. The window length 4 converts rate into work. The arriving work a, equals 4,
s, 4. The parameter u is per-replica service capacity, ¢, is carried backlog, and u, is utilization. These symbols are
introduced here so that the queue recursion and delay approximation can be read without guessing what any

symbol means (see Table 1).
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Table 1. Main notation for the elastic compute model.

Symbol Meaning Operational Interpretation

t, T control-window index and horizon time discretization for online decisions

T autoscaling policy maps telemetry to replica actions

c replica cost vector resource price of one additional replica

2 arrival rate request intensity

s, service demand CPU or service-time demand

4 control-window duration thirty-second window in the case study

a, arriving work 45,4

n, replica count integer control action

q, backlog unserved work

i service capacity per replica estimated from profiling or telemetry

u, utilization load divided by provisioned capacity
D,z delay proxy and SLO threshold service-quality measurement and target
A Ay SLO and actuation penalties weights in the objective

P, ambiguity radius tail uncertainty

L, SLO loss latency or timeout excess

The derivation begins with the performance functional rather than with a replica rule. Equation (1) evaluates
a policy 7 by the expected cumulative sum of three operational costs: the resource price of replicas, the excess-
latency penalty above 7, and the actuation penalty incurred when the controller changes n, between adjacent

windows.

nen )] ()

J(7) :Ei[crn[+ix(D,—r)++ia
t=1

To make the objective measurable from telemetry, the arrival rate 4, and service demand s, are first converted
into arriving work a,. Equation (2) then writes the one-step queue recursion: backlog increases by new work,
decreases by the service capacity u n, 4 supplied during the window, and is truncated at zero because negative
backlog has no physical meaning.

a,=1s,4, q,.,= [qt+a,—/mtA]+ 2)

The delay proxy is obtained by normalizing work by capacity. Equation (3) defines utilization u, and
substitutes it into a standard single-station queueing approximation. This step explains why operating close to
u,= 1 is dangerous: the denominator shrinks and a small workload error can create a large delay change.

)

A,S
u=—"*+, Drms+
un, 1-u,

The controller cannot use the future arrival rate directly, so Equation (4) introduces an exponentially

u,s,

smoothed forecast and its residual. The residual &, becomes the statistical object used later to construct the
uncertainty set; without this residual definition, the robust correction would have no observable calibration
target.
dpn=pr+(1=p) 0y =0~ 2, )
Together, Equations (1)—(4) provide the deterministic skeleton of the compute controller: they define what is
being optimized, how telemetry is converted into workload, how workload becomes delay risk, and how forecast
errors enter the uncertainty model. The corresponding workload structure, temporal dependence, and demand

distribution are shown in Figures 1-3.
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Figure 1. Multi-scale workload structure extracted from the public Alibaba microservice trace.
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4. Distributionally Robust Tail-Risk Derivation

The statistical problem is that the next residual is neither known nor guaranteed to follow the empirical
residual distribution. If the empirical distribution is trusted literally, the controller becomes brittle. If the
controller assumes a fixed worst case, it becomes expensive. A Wasserstein ambiguity set provides a middle
ground by allowing the next residual distribution to move within a data-calibrated neighborhood of the recent
empirical distribution [12,13].

The ambiguity radius is estimated from the recent residual tail. This choice is important because a sudden
widening of residuals is an operational signal that the forecast is losing explanatory power. The controller reacts
by increasing the risk-corrected demand, not by blindly lowering the utilization target for all future periods.
CVaR is then used to measure the conditional severity of SLO loss beyond a chosen quantile [11].

The derivation proceeds in three steps. First, write the SLO loss as a monotone function of residual demand.
Second, upper bound the worst-case expected loss over the Wasserstein set through the dual representation.
Third, solve the resulting capacity inequality for the smallest integer replica count that satisfies the risk-
corrected demand. This produces a deployable control equation instead of a large stochastic program.

The distributional symbols are defined before the robust-risk equations. The empirical distribution P, is
constructed from N, recent samples. Each sample &, contains the arrival forecast residual ¢,, a service-demand
perturbation Js,, and a backlog state g,. The set P, is the Wasserstein ambiguity set around f’t. The distance W, is
the 1-Wasserstein distance between probability distributions, p, is the ambiguity radius, ¢ is the confidence level
used in radius calibration, and C. is a scale constant for the residual space. The loss £(n,{) is the SLO-excess loss
created by replica decision n under uncertainty realization xi.

The CVaR and dual symbols are also introduced before they are used. The level a identifies the tail
probability of interest. The scalar {"is the threshold variable in the variational CVaR definition. The dual variable
y appears after converting the worst-case expectation over the Wasserstein ball into a penalized empirical
expression. The function d(¢, &) is the ground metric between a candidate uncertainty realization and an
observed sample. The constant L, is a Lipschitz scale linking movement in xi to movement in the loss (see
Table 2).

Table 2. Symbols introduced before the distributionally robust derivation.

Symbol Meaning Role in the Derivation

15’ empirical uncertainty distribution formed from recent residual samples
N, number of rolling-window samples controls concentration and CVaR accuracy
¢ uncertainty sample arrival residual, service perturbation, and backlog
g forecast residual observed minus predicted arrival signal
0s; service-demand perturbation uncertain service requirement
P, Wasserstein ambiguity set plausible distributions for the next window
W, 1-Wasserstein distance distributional distance metric
P, ambiguity-set radius tail-calibrated robustness budget
0 confidence parameter probability level used in radius calibration
C, residual-space scale constant concentration component of p,

{(n,&) SLO-excess loss loss under decision n and uncertainty xi
a CVaR tail level defines which tail is controlled
¢ CVaR threshold optimized inside the CVaR representation
y DRO dual variable penalizes distributional movement

d(&g) ground distance sample-space distance in the dual problem
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The first robust step is to replace a single empirical residual law with a neighborhood of plausible laws.
Equation (5) defines P, as all distributions whose W, distance from the rolling empirical distribution }3, is at most

p,- This makes the uncertainty model local to the recent trace rather than globally worst-case.
P.= {P:WI(IP’,IP’,) Sp,} (5)

The radius must expand when recent prediction errors have heavy tails. Equation (6) therefore ties p, to the
empirical CVaR of absolute residuals, scaled by x. A calm workload produces a small ambiguity set, while a
volatile workload produces a larger one.

p,=xCVaR,(|¢|) (6)
The SLO penalty is then measured through a tail functional. Equation (7) uses the variational representation

of CVaR, where { is the optimized tail threshold. This form is useful because the positive-part term can be

estimated from samples and differentiated or subdifferentiated in the online controller.

! E(L—CL] )

l-a

CVaR, (L) = mcm [C+

Equation (8) is the distributionally robust dual step. The worst-case expectation over P, is converted into a
penalized empirical supremum with dual variable y. This is the key mathematical bridge from an infinite-

dimensional ambiguity set to a finite sample expression.

sup Bol(n.¢) = inf yp,+ Ssup [ &)~ (£.)] ®)

PeP,
After the robust tail penalty has been expressed in capacity units, Equation (9) solves the conservative
capacity inequality for the smallest integer replica target n,". The numerator combines forecasted work, a normal-
style residual buffer, and backlog pressure; the denominator converts the target utilization u~ and service

capacity u into replicas.

AS +z,0,+K
}’l:= IR */ qql (9)
u
Equation (10) then turns the continuous target into an implementable online update. The mirror state y, is
moved against the risk-corrected loss gradient, exponentiated to keep the action positive, and projected onto the

feasible integer action set.
Ver=y=nVL(n). n.,=1Hexp (v,.,)] (10)
Equations (5)—(10) therefore move from statistical uncertainty to an actionable replica target. The derivation
is deliberately explicit: the risk radius is observable, the CVaR surrogate is sample-based, and the final action is
constrained by the platform interface. Figures 4—6 visualize the residual-tail calibration, risk-budget signals, and

queueing delay behavior used in this derivation
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Figure 6. Queueing-theoretic delay blow-up near saturation.

Proposition 1. If per-window service capacity is lower bounded by u n, A, SLO loss is monotone in residual
demand, and the ambiguity radius is proportional to the empirical residual tail, then Equation (9) is a one-step
conservative replica target for the worst-case distribution inside the Wasserstein ball. The proof follows by

combining the dual DRO representation with the CVaR envelope and solving the resulting capacity inequality

for n,

5. Algorithmic Design and Implementation Interface

The algorithm is intentionally narrow. It does not replace the cluster scheduler, service mesh, or autoscaling
API. Instead, it produces a risk-corrected replica target that can be consumed by an HPA adapter, a KEDA
external scaler, or a platform-native control loop. This narrow interface is useful because it allows service
owners to adopt the risk signal without rewriting the entire control plane.

The mirror-descent projection has two practical roles. It converts a continuous risk-corrected demand into an
integer action, and it limits oscillation by smoothing the action path. The KL-style projection is appropriate
because replica counts are positive and multiplicative changes are often easier to reason about operationally than
unconstrained additive jumps.

Algorithmically, DR-MPC-Elastic maintains a rolling window of telemetry, computes a forecast and residual
distribution, updates the ambiguity radius, evaluates the replica bound, and applies a bounded projection. The
computational cost is small compared with the monitoring and scheduling path, so the controller can run at the

same cadence as conventional autoscaling. Table 3 defines the update and stability symbols, Table 4 summarizes

_8-
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the online procedure, and Algorithm 1 gives the executable pseudocode.

Table 3. Symbols introduced before the online update and stability analysis.

Symbol Meaning Role in the Algorithm
, mirror-descent log-space state stores the smooth continuous update
g, surrogate-loss gradient or subgradient drives the mirror step
C continuous feasible set relaxed replica bounds before integer rounding
N integer feasible set valid replica counts after rounding
D, (n]/m) generalized KL divergence mirror-map distance
n, rounded replica action integer action applied to the platform
b, actuation bound maximum safe replica change per window
Vg, Lyapunov backlog energy stability diagnostic
AV, Lyapunov drift one-step backlog-energy change
R, dynamic regret online loss relative to moving oracle
Q, loss-variation term nonstationarity penalty
PoA, price of adaptivity online-to-oracle diagnostic ratio

Table 4. DR-MPC-Elastic online procedure.

Step Operation Output
1 Read arrival, service demand, replicas, and backlog indicators. Telemetry vector
2 Forecast next-window demand and compute residual-tail statistics. Mean forecast and risk radius
3 Apply DRO-CVaR correction to the demand estimate. Risk-corrected demand
4 Project the target through bounded mirror descent. Integer replica target
5 Publish target to HPA, KEDA, or a platform-native loop. Elastic action
Line Algorithm 1: DR-MPC-Elastic risk-calibrated autoscaling
Input Telemetry window W, target utilization u", SLO threshold z, confidence a, bounds (7,107 -
1 Estimate arrival forecast 4, service demand s, and residual samples &, from .
2 Construct empirical distribution 15, and ambiguity radius p(d) using residual CVaR.
3 Evaluate the sample CVaR surrogate @)(n) and its subgradient g,.
4 Compute the conservative replica target nt* from the capacity inequality.
5 Perform KL mirror descent and round to the feasible integer set N.
6 Clip the actuation 6 n, by the platform readiness bound b,.
7 Publish the final target and log forecast, p,, CVaR, backlog, and clipping diagnostics.
Output Auditable replica action 7, and diagnostic tuple for incident review.

Before the update equations are shown, the optimization symbols are defined. The vector y, is the mirror-
descent state in log-space, g, is the gradient or subgradient of the risk-corrected loss, C is the continuous feasible
set, and N is the integer feasible set. The divergence Dy, (n|im) is the generalized Kullback-Leibler divergence
used by the mirror map. The rounded action 7, is separated from the continuous action 7, so that rounding error
can be bounded. The platform bound b, is the maximum replica change that can safely become ready inside one
control window.

The stability symbols are defined here as well. The function V(g,) is the Lyapunov function measuring

9-
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backlog energy. The drift 4V, is the one-step change of that energy. The regret R, compares the online controller
with a moving oracle. The term Q, measures how much the loss landscape changes between adjacent windows.
The diagnostic PoA, compares the online cost with an oracle cost and is used only for analysis, not for
controlling the system.

The derivation below expands the compact control rule into the estimator, ambiguity radius, CVaR
surrogate, first-order condition, mirror-descent projection, Lyapunov drift, rounding bound, and dynamic-regret
term. These equations are intentionally included in the manuscript rather than hidden in prose, because they
expose exactly where statistical uncertainty, queueing pressure, and platform actuation enter the decision.

The next equations document why the online controller remains meaningful under nonstationarity. Equation (11)
defines dynamic regret R, against a moving oracle n,’, separating ordinary learning error from the unavoidable

movement of the best comparator.

Ry= Sk (n) - Sk () =0(VT)+0

Zl\n;l—n: ) (11

Equation (12) connects the CVaR surrogate back to an SLO probability statement. By applying a one-sided

tail bound to the excess delay, the controller can treat a bounded CVaR value as a conservative certificate for the

probability of D, exceeding z.

CVaR,(D,-7)
(1-a)t

A replica target is not applied directly because platform actuation is limited. Equation (13) clips the

Pr(D,>7) < (12)

requested change 4n, by a readiness-aware bound b, so mathematical capacity demand cannot create unrealistic
scaling jumps.
An,=clip(n}—n,_.~b,b,), b=by+[wn,] (13)
Equation (14) gives the marginal condition behind the controller. Increasing #, raises replica cost but lowers
delay, while the sign term records whether the action is moving away from the previous replica count. This

derivative is the local trade-off that the algorithm is balancing.
oJ oD,

an, =,

Equation (15) defines a diagnostic rather than a control input. RiskGap, is positive only when the estimated tail

+/Iasign(n,—n,,l) (14)

risk exceeds the SLO threshold, so it can be plotted and monitored without changing the optimization problem.
RiskGap, = max (0, CVaR,(D,) - r)) (15)

Equation (16) writes the integer feasible set explicitly. This is necessary because a continuous optimizer can
suggest fractional replicas, while a real autoscaler must choose an integer between platform minimum and
maximum bounds.

N={neZ n""<n<n"| (16)

Equation (17) constructs the empirical distribution from the last N, uncertainty samples. Each £, contains the
arrival residual, service perturbation, and backlog state, which keeps the robust set tied to observable operational
signals.

Po=- > 0. &=(6:05.4) (17)
ti=t-N+1
Equation (18) refines the ambiguity radius by adding a concentration component controlled by d. The first

term shrinks with more samples, while the second term preserves sensitivity to recent residual-tail severity.

p(0)=C. /w +KPCWRQ(|€|) (18)

Equation (19) states the Lipschitz condition used by the DRO bound. It says that if uncertainty samples
move a small distance under d(¢, &), then SLO loss cannot jump arbitrarily; this regularity is what makes the
Wasserstein dual usable.

I(n&)=[D(n¢) 1] . [I(n&)-1(ne)|<L,d(&&) (19)

Equation (20) gives the sample CVaR surrogate ®(n). The controller can evaluate this expression over

k)
+

-10-
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candidate replica counts and obtain a subgradient without solving a large stochastic program.
. 1 il
@ (n) = min + l(n¢) - 20
() = min (& s SUng) =], (20)
Equation (21) differentiates the queueing delay approximation with respect to #,. The negative sign confirms the
engineering intuition: adding replicas reduces delay, and the magnitude grows as utilization approaches saturation.
oD 2,57
Tl ~— % (21)
i ,unzz( 1- ut)
Equation (22) writes the first-order optimality condition for the regularized capacity decision. Replica cost,

risk-gradient pressure, actuation subgradient, and the feasible-set normal cone must balance at the selected point.
Oec+77V(I>t(n,) +iaa‘n,—nt_] ”1+./\/'C(nt) (22)

Equation (23) is the mirror-descent subproblem behind the compact update. The next action minimizes a

linearized loss plus a KL trust-region term, preventing the controller from overreacting to a single noisy gradient.
. 1
n,,=arg min <g,,n> + ;DKL(n I n,) (23)
ne ¢

Equation (24) defines the generalized KL divergence used in that trust region. The divergence is appropriate
for positive capacity variables because it penalizes relative changes more naturally than an unconstrained
Euclidean distance.

Dyg(nllm)=Sn, log - em, (24)
: |

J
Equation (25) maps the continuous mirror-descent action back to an integer replica count. The nested

minimum and maximum enforce the platform bounds before the action is passed to the autoscaling interface.

=min {n""”,max {n"”",round(nm )}} (25)

n

t+1
Equation (26) bounds the rounding error. If the risk-corrected loss is Lipschitz, rounding can change the objective

by at most a controlled amount, so integer implementation does not invalidate the continuous derivation.

<t
)

Equation (27) introduces a Lyapunov function for backlog. Squaring g, penalizes persistent backlog more strongly

() ~L(n,)|<5 26)

[

n

t+1 7 Mg

than isolated small deviations, which matches the operational concern that long queues produce visible incidents.

1
V(qt)=§qf, AVr:V(qt+1)_V(qt) (27)
Equation (28) expands the Lyapunov drift using the queue recursion. The first term shows the signed
capacity surplus, and the quadratic term captures the second-order effect of a large mismatch between incoming

work and service capacity.
1 2
AV,Sq,(a,—,un,A) + E(a,—,un,A) (28)

Equation (29) converts the drift idea into a drift-plus-penalty decision rule. Backlog ¢, acts like a pressure

term that rewards capacity expansion when unserved work is accumulating.
n-n,_,|} (29)

Equation (30) defines the price of adaptivity diagnostic. It compares the online policy cost with an oracle

n,=arg min {cn —qunA+n®(n) +1,
nelN

cost, giving reviewers a scale-free way to see whether adaptivity is buying useful risk reduction.

cn,+ 77@,( n[)

oracle 5 oracle
cn; +77@,(n[ )

PoA,= (30)

Equation (31) states the expected regret bound for the mirror-descent controller. The first term depends on
the initial distance to the comparator, the second on gradient magnitudes, and the last on temporal variation.
DKL(n*H ”1) 1< 2
Paltn) 1)l + Se, 61)

Mr t=1 t

Equation (32) defines the temporal-variation term £, If the loss landscape changes slowly, this term is

E[R,] <

small; if the service shifts abruptly, no online controller can track the moving oracle for free.
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Q=sup |L,,(n)=L(n)| (32)

nec

This extended sequence makes the algorithm auditable. A reviewer can trace every action from forecast
residuals to tail risk, from tail risk to capacity, from capacity to a bounded integer action, and from the action to
stability and regret diagnostics.

The KKT expression clarifies that the replica target is not simply a forecast divided by capacity. It is a
balance among marginal replica cost, marginal SLO-risk reduction, actuation penalty, and feasibility constraints.
The Lyapunov drift inequality adds a second interpretation: when backlog is high, the controller is biased toward
service-rate expansion even if the one-step forecast is moderate. The regret expression separates ordinary online-
learning error from the path variation of the moving oracle, which is unavoidable in a nonstationary workload.

Figures 7 and 8 summarize the control-loop interface and phase portrait.

Telemetry Forecasting .

. 4 i DRO-CVaR Mirror descent

arrival, service, Sm— EWMA + residual |—> 5 —> : vy
replicas e risk envelope integer projection

N
HPA/KEDA
actuation
Closed-loop update: prediction error reshapes the ambiguity radius and the tail-risk budget.
Figure 7. DR-MPC-Elastic control loop and platform interface.
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Figure 8. Phase portrait of capacity deficit, backlog proxy, and latency.

6. Public Trace Case Study

The case study uses the public Alibaba microservice-derived dataset distributed through Zenodo [16]. After
filtering invalid rows, the experiment retains 44, 903 records and aggregates them into 390 thirty-second
windows. The data include service identifiers, container identifiers, replica counts, service-demand-like
measurements, and invocation-rate-like measurements. Table 5 summarizes the dataset and experimental design,
and Figure 9 shows the resulting replica-equivalent capacity trajectories.

The workload transformation is deliberately simple. For each control window, the experiment sums

-12-



Yizhou C. J. Comput. Methods. Eng. Appl. 2026, 6(1)

invocation rate multiplied by service demand and normalizes the result into replica-equivalent capacity units.
This transformation does not claim to reconstruct Alibaba’s production scheduler. It creates a consistent
workload proxy for comparing the behavior of competing autoscaling policies.

Four policies are compared: Static-P95, Reactive-HPA, Quantile-Forecast, and DR-MPC-Elastic. Static-P95
reserves a high-watermark capacity. Reactive-HPA uses lagged demand and bounded actuation. Quantile-
Forecast uses a forecast plus a moderate residual quantile. DR-MPC-Elastic uses the full residual-tail correction
and backlog feedback.

Table 5. Compute case-study dataset and experimental design.

Item Value Use
Trace source Zenodo record 14,245,634 Public Alibaba microservice-derived data
Cleaned records 44,903 Workload construction
Control windows 390 Thirty-second decisions
Service identifiers 381 Microservice diversity
Compared policies ~ Static-P95, Reactive-HPA, Quantile-Forecast, DR-MPC-Elastic Cost-risk evaluation

Replica trajectories under bursty microservice load

—— Required capacity —— Reactive-HPA —— Quantile-Forecast —— DR-MPC-Elastic

=
=]
L

=
=}
s

v
=)
L

40

Replica-equivalent capacity

Thirty-second control slot

Figure 9. Replica-equivalent capacity trajectories under bursty load.

7. Results and Discussion

The results show a clear cost-risk ordering. Static-P95 is safe but expensive because it reserves high
capacity even in calm periods. Reactive-HPA is inexpensive but risky because it reacts after the burst affects the
queue. Quantile-Forecast improves over pure reaction, but it remains sensitive to residual-tail misspecification.
DR-MPC-Elastic sits in the intended middle region, allocating additional capacity when residual tails widen and
releasing capacity when the workload becomes predictable. Table 6 reports the main autoscaling results, and
Figure 10 shows the cost-risk frontier.

The utilization CDF and latency CDF show why the tail correction matters. Reactive-HPA keeps many
windows close to saturation, which makes small residual errors produce large delay penalties. DR-MPC-Elastic
shifts the utilization distribution away from the high-risk region without becoming as conservative as Static-P95.
The benefit is not free; it uses more replica-hours than Reactive-HPA. Figures 11 and 12 show these utilization
and tail-latency distributions.

The ablation study separates the effects of the components. Removing the DRO radius reduces capacity but
increases risk. Removing the switching penalty reduces short-term tracking error but increases actuation. Removing
backlog feedback delays recovery after bursts. These results support the design premise that risk calibration and

actuator awareness must be combined. Table 7 and Figures 13—15 summarize the ablation and sensitivity behavior.
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Table 6. Compute autoscaling results on the public trace.

Policy Replica- P95 SLA- Average Wasted Scaling
Hours Latency Risk Slots  Utilization Capacity Actions
Static-P95 562.2 68.5 3.85% 18.2% 82.9% 0
Reactive-HPA 90.4 1241.6 37.18% 85.1% 28.0% 1754
Quantile-Forecast 261.6 563.5 11.03% 41.8% 61.7% 4750
DR-MPC-Elastic 363.9 464.1 6.15% 32.2% 69.9% 3249

Table 7. Ablation study for risk radius, switching penalty, and backlog feedback.

Variant Replica-Hours P9S Latency SLA-Risk Slots  Scaling Actions
Full DR-MPC 363.9 464.1 6.15% 3249
No DRO radius 142.4 893.0 25.38% 4367
No switching penalty 390.7 386.3 5.90% 5261
No backlog term 390.7 386.3 5.90% 5261
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Tail-latency distribution by policy
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Figure 15. Scaling actuation profile under different policies.

8. Additional Diagnostics and Reproducibility Notes

A professional autoscaling study should not stop at an aggregate table. Aggregate tables can hide when and
why a controller fails. The additional diagnostics in this section therefore examine cumulative risk exposure,
forecast calibration, rolling uncertainty, multi-objective policy balance, and signal correlation. These views are
useful for reviewers because they connect the mathematical assumptions to observable trace behavior.

Cumulative risk exposure shows whether violations are clustered or spread evenly across the trace. A
controller with the same total number of risky windows can be less acceptable if those windows form long
consecutive runs, because consecutive failures are more visible to users and harder for incident response teams
to dismiss as isolated noise. In this trace, the risk curve also reveals how quickly each policy recovers after a

burst, as shown in Figure 16.

Cumulative risk exposure over the trace
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Figure 16. Cumulative SLO-risk exposure over the trace.

Forecast calibration is equally important. A predictive controller is only as credible as the relationship
between predicted and observed load. The hexbin calibration plot in Figure 17 shows where the forecast is
reliable and where residual tails are large. This matters because DR-MPC-Elastic derives its ambiguity radius
from residual behavior. If the forecast systematically underestimates high-load windows, the ambiguity radius

must grow; otherwise the risk certificate would be misleading.
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Figure 17. Forecast calibration density for observed versus predicted workload.

The rolling uncertainty band in Figure 18 provides another operational interpretation. During calm periods

the 10-90% band narrows, allowing the controller to reduce its safety margin. During volatile periods the band

widens, and the controller becomes more conservative. This is a more interpretable behavior than permanently

lowering the target utilization. It also gives operators a direct dashboard signal: a widening band means the

service has become less predictable.

Normalized load

Rolling workload uncertainty band
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Figure 18. Rolling uncertainty band for workload intensity.

The radar profile in Figure 19 is not meant to replace quantitative tables. It is a compact visual summary of five

competing objectives: cost, tail latency, risk, stability, and utilization. Such a profile helps stakeholders understand

that no autoscaling policy dominates every dimension. Static provisioning scores well on risk but poorly on cost;

reactive control scores well on cost but poorly on tail risk; DR-MPC-Elastic seeks a more balanced profile.
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Figure 19. Normalized multi-objective policy profile.

Finally, the correlation heatmap in Figure 20 checks whether the control signals are redundant. If residual
margin were perfectly correlated with load, a separate ambiguity radius would add little information. The
observed correlations are partial rather than perfect, which supports the design choice of modeling residual risk
explicitly. These diagnostics make the paper more reproducible because they allow readers to inspect not only

the final metric, but also the statistical signals that drove the controller.

Correlation structure of control signals
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Figure 20. Correlation structure of observable control signals.
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9. Deployment Considerations, Threats to Validity, and Future Work

A production deployment can run DR-MPC-Elastic as an external metrics adapter. The adapter computes a
risk-corrected target and publishes it to HPA or KEDA. This route keeps the existing control plane intact while
improving the semantics of the autoscaling signal. A stricter deployment can send targets directly to a platform-
native autoscaler, but that approach requires more operational validation.

The method has important limitations. First, service capacity may be nonlinear when shared state, locks,
databases, or downstream dependencies dominate. In such cases u should be replaced with an empirically
estimated concave capacity function. Second, if bursts are caused by retry storms, scaling alone may amplify
load and should be combined with rate limiting and circuit breaking. Third, the public trace does not expose
cold-start delay, image-pull delay, or dependency topology.

Future work should extend the controller to multi-resource decisions, call-graph-aware propagation, and online
A/B experiments. It should also study fairness across services, because risk budgets can otherwise favor noisy services
at the expense of stable services. Finally, the ambiguity radius itself should be monitored as an incident signal: when

p, rises rapidly, the platform has learned that its recent forecasts no longer explain the service.

10. Conclusions

This paper presented DR-MPC-Elastic, a distributionally robust controller for elastic compute services. The
method turns forecast residuals into a risk radius, converts tail risk into a replica correction, and uses mirror
descent to produce bounded integer actions. The public Alibaba trace case study supports the central claim:
explicit tail-risk modeling can reduce SLO-risk exposure without reverting to static over-provisioning. The
resulting framework is not a complete production autoscaler, but it is a rigorous and inspectable step toward risk-

aware elasticity. Appendix A provides the extended derivation and operational audit notes.
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Appendix A. Extended Derivation and Operational Audit Notes

This appendix clarifies how the proposed controller should be audited before it is connected to a production
control plane. The first audit item is dimensional consistency. Arrival rate, service demand, and service capacity
must be expressed in compatible units before Equation (2) is interpreted as a queue recursion. In the public trace
case study, the workload is normalized into replica-equivalent capacity units because the trace does not expose
the exact production CPU allocation of each replica.

The second audit item is residual stationarity. DR-MPC-Elastic does not assume that residuals are globally
stationary. It assumes only that a short rolling window contains useful information about near-future uncertainty.

If the residual distribution changes faster than the window can detect, the ambiguity radius will lag. In
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production, this failure mode should be monitored by comparing realized residuals with the predicted residual
band in Figure 18.

The third audit item is actuator feasibility. Even if Equation (9) recommends a large replica increase, the
platform may not be able to create those replicas within one control window. Container image pull time, node
availability, scheduling latency, readiness probes, and service-mesh propagation all affect realized capacity.
Equation (13) therefore clips the action. This clipping should be calibrated from platform measurements rather
than chosen only from simulation convenience.

The fourth audit item is dependency coupling. A service may not benefit from extra replicas if the bottleneck
is a database, queue, cache, or downstream API. In such cases, the service-capacity term p should be replaced by
an empirically fitted capacity curve. A concave curve is often more realistic than a linear one, because lock
contention and shared dependencies create diminishing returns.

The fifth audit item is interaction with protection mechanisms. Autoscaling should not be the only response
to bursts. Rate limiting, load shedding, circuit breaking, admission control, and retry budgets are often more
effective during dependency failures. DR-MPC-Elastic should therefore be deployed as part of a larger
resilience policy rather than as an isolated controller.

The sixth audit item is fairness across services. A service with highly volatile demand may consume a large
risk budget if the controller is configured independently for every service. A production platform may need a
higher-level allocator that distributes risk budgets across tenants, business priorities, and node pools. This paper
focuses on a single aggregated workload because the public trace does not provide enough information to
evaluate cross-tenant fairness.

The seventh audit item is rollback behavior. A safe controller should expose its intermediate signals:
forecast, residual tail, ambiguity radius, CVaR estimate, backlog proxy, proposed target, clipped target, and final
applied replica count. If an incident occurs, engineers should be able to reconstruct why the controller scaled.
This transparency is a major reason to prefer a structured risk model over an opaque policy in regulated or
business-critical platforms.

The eighth audit item is numerical stability. CVaR estimates can become noisy when the rolling window
contains few extreme observations. Practical implementations should smooth the radius, cap its maximum value,
and use minimum sample requirements. When the sample requirement is not met, the controller can fall back to
a conservative percentile rule. This fallback should be explicit in the implementation.

The final audit item is reproducibility. The public trace experiment should be understood as a reproducible stress
test of the decision logic, not as a claim that the exact numerical constants are universal. Service owners should re-
estimate target utilization, tail confidence level, switching bounds, and backlog gains using their own traces before

deployment. The value of the framework is that every such parameter has a visible operational meaning.

Table A1. Operational audit checklist for DR-MPC-Elastic.

Audit Dimension Question to Ask before Deployment Expected Evidence
Units Are demand and capacity in compatible units? Load-test or telemetry conversion
Residual risk Does the ambiguity radius cover realized errors? Rolling calibration plot
Actuation Can requested replicas become ready within one window? Readiness latency distribution
Dependencies Is replica capacity approximately linear? Service-specific saturation curve
Fallback What happens when residual samples are insufficient? Documented conservative rule
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