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Abstract

Serverless cold starts remain a major source of performance degradation, whereas aggressive
prewarming can incur substantial warm-resource cost. We present BudgetFunnel, a coarse-to-
fine trace-driven framework for allocating a shared warm-retention budget across heterogeneous
serverless functions. The framework first screens candidate functions with lightweight work-
load proxies, evaluates candidate TTL choices using trace-driven simulation, and then applies
a precedence-aware greedy allocator. We use the term global to denote workload-wide coordi-
nation under a shared budget; the greedy allocator is not claimed to be globally optimal. On
an audited Azure serverless trace and the Alibaba Cluster Trace–Microservices v2021 workload
(used as a cross-workload request-pattern robustness trace), evaluating only 10% of allocation
entities (γ = 0.10) yields about 9× end-to-end speedup while keeping request-weighted CSR
within 1.54% and 1.93%, respectively, of full-evaluation greedy at 1 × Bref . Across the full
budget sweep, the maximum relative CSR gap to full-evaluation greedy is 2.48% on Azure
and 2.16% on Alibaba. On Alibaba, BudgetFunnel reduces CSR by up to 39.4% relative to
Global TTL and by up to 21.8% relative to IAT-Mean TTL under matched budgets. Same-
scope exact MILP experiments show that the greedy allocator is within 1.42–2.60% of the
certified optimum for reduced Azure workloads of 50–200 functions. Request-weighted and
slot-level cold-counting semantics preserve the method ranking, and additional candidate-ratio,
TTL-grid, cold-penalty, reference-budget, resource-utilization, and provider-specific robustness
analyses support the conclusions. Because the public traces are aggregated, latency results are
treated as model-based sensitivity analyses rather than direct production measurements.

Keywords Serverless computing, Cold start, Trace-driven simulation, Prewarming and
keep-alive (TTL), Warm-budget allocation, Coarse-to-fine optimization
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Fig. 1 Coarse-to-fine motivation (schematic). BudgetFunnel uses inexpensive workload proxies to
concentrate fine-grained TTL evaluation on a small candidate set (default γ = 0.10), while non-
candidates remain at the default TTL of zero. The curve is schematic and is not presented as an
empirical cumulative distribution; the audited Azure workload-skew anchor is reported separately in
Fig. 4

1 Introduction

Serverless computing, also known as Function-as-a-Service (FaaS), has become a
widely used execution model for cloud-native applications because of its pay-as-you-
go pricing and reduced operational overhead [1]. A persistent performance challenge
is the cold start : when no suitable warm execution environment is available, the plat-
form must provision or restore one before serving the invocation. Production studies
show that cold starts can materially affect end-to-end and tail latency [2–4]. Server-
less inference workloads further amplify the issue because initialization can include
container, runtime, and model-loading overheads [5, 6].

Cold-start mitigation therefore creates a resource trade-off. Keeping execution envi-
ronments warm can reduce future cold starts, but consumes warm-retention resources
during idle intervals. Workload heterogeneity makes this trade-off particularly impor-
tant: the Azure serverless trace and Alibaba microservice workload used in our
evaluation exhibit substantial variation in activity, sparsity, and burstiness across allo-
cation entities [7, 8]. A uniform keep-alive policy can consequently over-warm sparse
functions while under-protecting high-impact functions.

Figure 1 illustrates the coarse-to-fine motivation and candidate concentration.
Prior work spans system-level startup acceleration, caching and keep-alive poli-

cies, workload prediction, and scheduling [9–14]. Table 1 summarizes representative
methods by decision scope, system integration requirements, and primary focus. These
approaches are complementary to the question studied here. We do not claim that
earlier systems are inherently incapable of global coordination; rather, many were not
originally formulated for the specific problem of allocating a shared warm-retention

budget over many functions using only aggregated traces.
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We therefore study the following question: can most expensive per-function TTL

evaluations be avoided without materially degrading the resulting shared-budget allo-

cation? We propose BudgetFunnel, a coarse-to-fine trace-driven framework with
three stages: lightweight proxy screening, fine-grained candidate TTL evaluation, and
precedence-aware greedy budget allocation. In this paper, global means workload-wide
coordination under one shared budget; it does not mean that the greedy procedure is
mathematically globally optimal.

The revised evaluation explicitly separates two approximation sources. First,
screening quality is measured against full-evaluation greedy (γ = 1), which uses the
same allocator but evaluates all functions. Second, allocation quality is measured
against a same-scope exact MILP on identical reduced workloads, thereby avoiding
the scope mismatch of the previous top-200 comparison. We also quantify sensitiv-
ity to request-weighted versus slot-level cold counting, proxy features, TTL grids,
cold-penalty models, trace windows, and the definition of Bref .

Our contributions are as follows:

� Shared-budget formulation. We formulate TTL-based cold-start mitigation as
workload-wide warm-retention allocation under a common resource budget.

� Coarse-to-fine evaluation. BudgetFunnel screens candidate functions using
lightweight trace statistics and applies fine-grained simulation only to the screened
set.

� Separated approximation analysis. Full-evaluation greedy isolates screening
loss, while same-scope exact MILP experiments quantify the empirical greedy
optimality gap.

� Robust trace-driven evaluation. Experiments on the Azure serverless trace
and Alibaba microservice workload include full budget sweeps, provider-specific
robustness windows, candidate-ratio and proxy ablations, alternative cold-counting
semantics, TTL-grid and cold-penalty sensitivity, and runtime scaling.

2 Related Work

Serverless (FaaS) cold starts have been studied from diverse perspectives, ranging from
system-level optimizations to application-level policies and evaluation methodologies.
In addition to reducing initialization time, recent work increasingly treats the warm
state as a managed resource: a policy must decide which functions to retain, for how
long, and how to react when workload intensity changes. This distinction is important
for our setting because the objective is not merely to make one function start faster,
but to coordinate retention decisions across many functions under a shared budget.

2.1 System-level Cold Start Mitigation

A significant body of work focuses on optimizing the underlying infrastructure to
reduce initialization overhead. Early efforts like SAND [16] proposed application-
level sandboxing to mitigate cascading cold starts. To minimize virtualization latency,
Firecracker [9] introduced lightweight microVMs, while SOCK [10] optimized con-
tainer provisioning throughput. Recent advances utilize snapshotting techniques, such
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Table 1 Comparison of representative cold-start mitigation strategies by their original decision
scope and implementation requirements. The table summarizes published/original formulations and
does not imply that a method cannot be extended to another scope.

Strategy Key Mechanism Original Deci-
sion Scope

System
Integration

Primary Focus

Fixed Keep-
Alive [7]

Static TTL Workload-wide
/ coarse

Low Simplicity

Histogram /
IAT-Mean

History-based TTL
selection

Per-function Low Inter-arrival history

FaaSCache [12] Greedy-Dual caching Cache / function Medium Cache hit rate
IceBreaker [13] Heterogeneity-aware

warming
Per-function Medium–

High
Workload
heterogeneity

Owl /
Defuse [14, 15]

Scheduling /
dependency
awareness

Workflow /
DAG

High Scheduling / QoS

BudgetFunnel
(Ours)

Coarse-to-fine
TTL allocation

Shared warm-
budget /
workload-
wide

Low–
Medium

Cost–CSR
trade-off

as FaaSSnap [17], to skip initialization phases, and runtime systems like Night-
core [18] that optimize core scheduling for microsecond-scale latency. Additionally,
JITServer [19] decouples JIT compilation to accelerate Java-based functions. While
these mechanisms provide a fast execution foundation, they function orthogonally to
the keep-alive policies studied in this paper.

2.2 Prewarming and Caching Policies

Complementary to system optimizations, policy-based approaches decide when and
how long to keep instances warm. Transparent auto-scaling caches [20] and layer-
wise container sharing [6, 21] have been proposed to amortize startup costs. A key
line of research models keep-alive as a caching problem: FaasCache [12] adapts the
Greedy-Dual-Size algorithm to serverless, drawing inspiration from web caching poli-
cies like TinyLFU [22]. Adaptive TTL strategies, such as IceBreaker [13], leverage
workload heterogeneity to optimize warm times for different function types. Other
heuristics include dependency-guided scheduling (Defuse [15]) and predictive pre-
warming [23]. However, complex learning-based schedulers like FaaSRank [24] often
incur high training overheads. In contrast, BudgetFunnel focuses on workload-wide
allocation under a shared warm budget using a lightweight trace-driven pipeline.

2.3 Workload Prediction and Adaptive Control

Prediction-based approaches use recent invocation history, temporal regularities, or
learned representations to anticipate future demand and trigger prewarming before an
invocation arrives. Such methods can reduce cold-start exposure when the workload
is sufficiently predictable, but their benefit depends on forecast quality and on the
cost of maintaining a model for each function or service. They also typically optimize
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prediction accuracy or a local latency objective, whereas a shared-budget allocator
must compare heterogeneous functions and TTL upgrades using a common resource
currency. In our framework, sparsity, burstiness, and periodicity are deliberately used
as lightweight screening features rather than as a full demand-forecasting model. This
design keeps the screening stage reproducible on aggregated traces and leaves the final
decision to the trace-driven cost–benefit evaluation. The distinction also clarifies the
role of predictive pre-warming [23]: it is complementary to BudgetFunnel and could
be incorporated as an additional proxy or as an online extension, but it is not required
by the current offline formulation.

2.4 Resource-Constrained Scheduling

Resource management under strict budgets is critical, especially in edge environ-
ments [25, 26]. Performance-aware schedulers like Owl [14] and Aquatope [27] aim
to meet QoS targets by managing resource contention. Recent works have explored
cost-efficient computing on harvested resources [28], which aligns with our budgeted
formulation. Surrogate-based optimization frameworks like Hydro [29] also address
hyperparameter tuning in datacenters. Our work specifically targets workload-wide
allocation of a shared prewarming budget using a coarse-to-fine strategy; this scope
differs from general-purpose scheduling and resource-management objectives [30].

2.5 Trace-Driven Simulation and Benchmarking

Due to the difficulty of reproducing large-scale production environments, trace-driven
simulation has become a standard methodology. SimFaaS [31] provides a discrete-event
simulator for evaluating cold-start policies, while PanOpticon [32] offers comprehen-
sive performance modeling. To ensure rigorous evaluation, recent community efforts
have established standardized benchmarks such as ServerlessBench [33] and SeBS [34].
Furthermore, public Azure serverless traces [7] and Alibaba microservice traces [8] pro-
vide complementary workload signals for trace-driven robustness studies. We use the
Alibaba trace only as a workload-shape stress test under the common TTL abstrac-
tion, not as direct evidence of production FaaS cold-start measurements. Our work
builds on these methodologies to conduct large-scale sweep studies over budgets and
policy parameters.

Positioning. BudgetFunnel does not claim that prior keep-alive or caching meth-
ods are fundamentally unable to coordinate globally. Its contribution is a specific
trace-driven mechanism for reducing the cost of evaluating a shared warm-budget
allocation problem through coarse-to-fine screening.

3 Methodology

3.1 Overview

We study trace-driven cold-start mitigation in serverless platforms under a unified

global warm budget. Figure 2 summarizes the three-stage pipeline. Our framework,
BudgetFunnel, follows a coarse-to-fine pipeline: (Stage 0) compute lightweight
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Fig. 2 Overview of BudgetFunnel. Invocation traces are processed by (Stage 0) proxy screening to
select top-γ candidate functions, (Stage 1) trace-driven simulation to estimate per-function ∆CR and
∆Cost over a TTL grid, and (Stage 2) a precedence-aware global allocator that assigns per-function
TTLs under a unified warm budget B, yielding a Pareto frontier of cost versus cold-request rate.

per-function workload proxies and select a small candidate set; (Stage 1) run trace-
driven simulation only for candidates over a discrete TTL grid to estimate marginal
cold-start reduction and warm-cost increases; and (Stage 2) perform a global,
budget-constrained allocation by selecting TTL upgrades across functions using a
precedence-aware greedy procedure. This design reduces fine-grained evaluation cost
while empirically preserving allocation quality close to a full-evaluation reference.

3.2 Trace Model and Notation

Let F be the set of functions. We discretize time into T slots of length ∆ seconds
(default ∆ = 60s). From invocation traces, we obtain the number of requests of each
function in each slot: af (t) ∈ Z≥0 for f ∈ F and t ∈ {1, . . . , T}.

TTL policy. We study keep-alive (TTL) policies. Each function f is assigned a TTL
θf ∈ Θ (minutes), meaning that after its last active slot, the platform keeps one warm
execution environment available for θf minutes.

3.3 Policy Space and Practical Defaults

Time granularity. Unless otherwise stated, we use 1-minute slots (∆ = 60s) and
aggregate invocation counts accordingly.

TTL grid. We use a discrete TTL grid (minutes):

Θ = {0, 0.5, 1, 2, 5, 10, 20, 30, 60}. (1)

This grid is a practical discretization spanning short and long retention intervals.
Sect. 4.7 and the Supplementary Information report TTL-grid sensitivity.
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Fig. 3 Warm-state semantics under TTL and cost accumulation. (A) Aggregated invocation timeline
af (t) in 1-minute slots. (B) Warm indicator uf (t) ∈ {0, 1} under TTL θ: after an active slot, the
instance remains warm for a fixed retention window. (C) A cold start (cold requests) occurs when
af (t) > 0 and uf (t) = 0; warm cost accumulates as

∑
t uf (t)∆, where ∆ = 60s

Default policy for non-candidates. For BudgetFunnel with γ < 1, functions
outside Fcand are fixed at θf = 0 and do not enter Stage 2. When γ = 1 (the full-
evaluation reference), all functions are candidates. This definition makes the screening
approximation explicit and attributes any quality gap between γ < 1 and γ = 1 to
the excluded functions.

3.4 Warm-State Semantics and Cold-Start Counting

Public traces are typically aggregated (e.g., per-minute counts) and do not contain
per-request start times and service times. Figure 3 illustrates the adopted warm-state
abstraction. Therefore, we adopt a standard trace-driven warm-state abstraction with
clear counting semantics.

TTL discretization. Given slot length ∆, we discretize a TTL value θ (minutes)
into the number of warm-retention slots:

k(θ) =

⌈
60θ

∆

⌉
. (2)

With ∆ = 60s, k(0.5) = 1, so 0.5-minute TTL retains warmth for 1 subsequent 1-
minute slot. This discretization can introduce up to one-slot timing error. Because
the available public workload traces are aggregated, we quantify robustness through
alternative cold-counting semantics and TTL-grid sensitivity rather than treating the
abstraction as a reconstruction of exact per-request timing.
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Warm indicator. Let uf (t) ∈ {0, 1} indicate whether function f is warm at the
beginning of slot t. We simulate warm retention with a per-function counter rf (t) ∈
Z≥0 representing remaining warm slots. Initially rf (1) = 0. At the beginning of slot
t, uf (t) = I[rf (t) > 0]. At the end of slot t, the counter updates as:

rf (t+ 1) =

{
k(θf ), if af (t) > 0,

max{rf (t)− 1, 0}, if af (t) = 0.
(3)

This model represents one logical warm state per function with TTL refresh on activ-
ity. It does not model concurrent instances, queueing, or platform autoscaling; these
limitations bound the scope of the conclusions.

Cold-start indicators (slot-level and request-weighted). A cold start occurs
when requests arrive while the function is cold at the beginning of that slot. We define:

cf (t; θf ) = I
[
af (t) > 0

]
I
[
uf (t) = 0

]
, (4)

c̃f (t; θf ) = af (t)I
[
uf (t) = 0

]
. (5)

Here, cf denotes a cold slot and c̃f denotes cold requests. Eq. (4) counts whether a
slot experiences a cold start event (at most one per slot), while Eq. (5) approximates
how many requests are cold within the slot when only aggregated counts are available.
We use request-weighted counting (Eq. (5)) as the primary metric in this
paper, and report slot-level results as a robustness check. On Azure at 1×Bref , the
method ranking is unchanged under request-weighted and slot-level counting.

Warm cost (warm instance-seconds). We measure warm cost as warm instance-
seconds:

Cost(θ) =
∑

f∈F

T∑

t=1

uf (t; θf ) ·∆. (6)

This captures cumulative logical warm-retention time across functions under the
single-warm-state abstraction; it is not a direct measurement of physical multi-instance
memory consumption.

3.5 Problem Formulation

Primary objective: request-weighted CSR. We define request-weighted cold-
start rate (CSR) as:

CSR(θ) =

∑
f∈F

∑T

t=1 c̃f (t; θf )∑
f∈F

∑T

t=1 af (t)
. (7)

Budgeted optimization. Given a global warm budget B (warm instance-seconds),
we solve:

min
θ∈Θ|F|

CSR(θ) s.t. Cost(θ) ≤ B. (8)

This formulation defines a shared workload-wide budget. It specifies the optimiza-
tion objective, but does not imply that the proposed greedy solver attains the global
optimum.
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3.6 Stage 0: Proxy Screening (Coarse)

The key observation is that under a global budget, only a small subset of functions
tends to dominate cold-start risk. We identify candidate functions using lightweight
statistics computed from {af (t)}

T
t=1.

Sparsity.

sf =
1

T

T∑

t=1

I[af (t) = 0]. (9)

Burstiness. We use normalized variance:

bf =
Var(af (t))

Mean(af (t)) + ϵ
, ϵ = 10−6. (10)

If
∑

t af (t) = 0 (never invoked), we drop the function from screening since it does not
affect the objective.

Periodicity. We compute a lightweight daily autocorrelation proxy. Let τ be the lag
corresponding to 24 hours in slots (τ = 24·3600

∆ ; τ = 1440 for ∆ = 60s).

pf =

∑T−τ

t=1 (af (t)− āf )(af (t+ τ)− āf )∑T

t=1(af (t)− āf )2 + ϵ
. (11)

If T ≤ τ , we set pf = 0 (insufficient horizon) to avoid unstable estimates.

Robust normalization and proxy score. We robustly center each feature by its
median. To match the audited implementation and avoid numerical instability when
many functions have identical feature values, the scale uses MAD when it is sufficiently
nonzero; otherwise it falls back to the standard deviation, and finally to 1 for a constant
feature:

x̂f =
xf −median(x)

sx
, x ∈ {b, p, 1− s}, (12)

where sx = MAD(x) if MAD(x) ≥ 10−4, sx = Std(x) if MAD is smaller but
Std(x) ≥ 10−4, and sx = 1 otherwise. This safeguard only prevents division by a
numerically degenerate scale; it does not introduce a learned parameter. We then
define the intentionally simple equal-weight proxy:

Proxy(f) = b̂f + (̂1− s)f + p̂f . (13)

The equal weighting is not assumed to be theoretically optimal; the feature-ablation
experiment evaluates the individual and combined contributions empirically.

Candidate set. We select the top-γ fraction functions by proxy score:

Fcand = Top-γ
(
Proxy(f)

)
,

γ ∈ {0.05, 0.10, 0.20}.
(14)
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Algorithm 1 Per-function TTL simulation (trace-driven)

Require: Trace counts {af (t)}
T
t=1, slot length ∆, TTL θ

Ensure: Warm cost Costf (θ), cold requests CRf (θ)
1: k ←

⌈
60θ
∆

⌉
; r ← 0

2: Cost← 0; CR← 0
3: for t = 1 to T do
4: u← I[r > 0]
5: Cost← Cost + u ·∆
6: if af (t) > 0 then
7: if u = 0 then
8: CR← CR+ af (t)
9: end if

10: r ← k {refresh TTL on activity}
11: else
12: r ← max{r − 1, 0}
13: end if
14: end for
15: return Cost,CR

3.7 Stage 1: Fine-Grained Candidate Evaluation (Simulation)

For each candidate function f ∈ Fcand and TTL θ ∈ Θ, we run trace-driven simulation
under the warm semantics in Sect. 3.4 to estimate: (i) warm cost Costf (θ) and (ii)
cold requests CRf (θ) =

∑
t c̃f (t; θ). We compute marginal improvements over baseline

θ0 = 0:

∆CR(f, θ) = CRf (0)− CRf (θ),

∆Cost(f, θ) = Costf (θ)− Costf (0).
(15)

Caching and reuse. Stage-1 results {Costf (θ),CRf (θ)} are computed once per
trace window and reused across budgets B in Stage 2.

3.8 Stage 2: Global Budget Allocation

We allocate budget globally by selecting TTL upgrades across functions based on
marginal benefit per marginal cost. Let TTL grid be ordered as θ(0) < θ(1) < · · · < θ(m)

with θ(0) = 0. For each function f , upgrading from θ(i) to θ(i+1) yields:

∆CRf,i = ∆CR
(
f, θ(i+1)

)
−∆CR

(
f, θ(i)

)
,

∆Costf,i = ∆Cost
(
f, θ(i+1)

)
−∆Cost

(
f, θ(i)

)
.

(16)

We define gain ratio:

gf,i =
∆CRf,i

∆Costf,i + ϵ
, ϵ = 10−9. (17)
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Algorithm 2 Precedence-aware global greedy allocation under budget B

Require: Candidates Fcand, TTL grid {θ(i)}mi=0, per-function tables
∆CR(f, θ),∆Cost(f, θ), budget B

Ensure: TTL assignment θ
1: Initialize θf ← 0 for all f ; remaining budget R← B
2: For each f ∈ Fcand, set current level if ← 0
3: Initialize a max-heap H
4: for all f ∈ Fcand do
5: Push next upgrade (f, if ) with key gf,if into H if if < m
6: end for
7: while H not empty do
8: Pop (f, i) with largest gf,i from H
9: Compute ∆Costf,i using Eq. (16)

10: if ∆Costf,i ≤ R then
11: Accept upgrade: if ← if + 1; θf ← θ(if )

12: R← R−∆Costf,i
13: if if < m then
14: Push the new next upgrade (f, if ) with key gf,if into H
15: end if
16: end if
17: end while
18: return θ

The ratio-based procedure is a discrete heuristic and is not guaranteed to be globally
optimal. Sect. 4.7 compares it with a same-scope MILP reference on identical reduced
workloads.

Precedence constraint (critical for feasibility). Upgrades for a function must
respect grid order: θ(i+1) can only be selected after θ(i). To guarantee feasibility, we use
a precedence-aware incremental greedy algorithm: at any time, each function exposes
only its next upgrade item.

Non-candidates. For f /∈ Fcand, we fix θf = 0; only candidate functions expose
TTL upgrades to the Stage 2 heap. The γ = 1 reference removes this restriction by
treating every function as a candidate.

3.9 Budget Sweeps and Pareto Frontiers

To report cost–performance trade-offs, we sweep budgets on a logarithmic grid:

B ∈ {0.5, 1, 2, 5, 10, 20, 30, 50} ×Bref . (18)

We compute Bref by running a reference policy once (global TTL = 5 minutes) using
the same simulator and trace window. For the audited Azure representative window,
this gives Bref = 2.47× 107 warm instance-seconds. The reference-budget sensitivity
analysis additionally uses 1-min and 10-min reference TTLs, which yield 1.18 × 107
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and 3.86×107 warm instance-seconds, respectively (Supplementary Information). For
each B, we run Algorithm 2 to obtain θ(B) and then evaluate CSR via Eq. (7).

3.10 Complexity and Practical Considerations

Runtime complexity. Proxy screening is a single pass over aggregated traces:
O(|F| · T ). Fine-grained evaluation is applied only to candidates: O(|Fcand| · |Θ| · T )
(Algorithm 1). Global allocation uses a heap over at most |Fcand|·(|Θ|−1) incremental
upgrades: O(M logM) with M ≈ |Fcand| · (|Θ| − 1).

Speed–quality trade-off. By selecting γ ≪ 1, we reduce the number of fine-grained
function–TTL evaluations. At γ = 0.10, the audited implementation achieves about
9× end-to-end speedup, with a 1.54% CSR gap to full evaluation on Azure and 1.93%
on Alibaba at 1×Bref .

Optional metric (slot-level CSR). For completeness, we also report slot-level

CSR: CSRslot =
∑

f,t cf (t;θf )∑
f,t I[af (t)>0] , which counts cold-start events per active slot. The

Azure 1×Bref ranking is identical under the two definitions (Full-eval, BudgetFunnel,
IAT-Mean, Histogram, Global TTL).

4 Experiments

We evaluate BudgetFunnel using trace-driven simulation on two public workload
sources: the Azure serverless invocation trace and Alibaba Cluster Trace–Microservices
v2021. Table 2 defines the principal notation and audited simulation settings used
below. Tables 4–6 report the main quantitative results in consecutive order. The
Alibaba dataset is used as a cross-workload request-pattern robustness trace; each
microservice is mapped to the common allocation-entity abstraction, and simulated
CSR/CSO values should not be interpreted as measured Alibaba FaaS cold-start statis-
tics. Our goal is to characterize cost–cold-start trade-offs under a shared warm budget,
quantify screening and greedy approximation separately, and test whether conclusions
are robust to trace and modeling assumptions.

Research Questions. RQ1 (Effectiveness): Under matched warm budgets, how
does BudgetFunnel compare with representative TTL baselines on the Azure server-
less trace and Alibaba microservice workload? RQ2 (Screening approximation):
How much quality is lost by evaluating only a fraction of allocation entities, and
what runtime reduction is obtained? RQ3 (Allocation approximation): How close
is the precedence-aware greedy allocator to the exact MILP optimum on identical
reduced Azure workloads? RQ4 (Robustness): Are the conclusions stable across
cold-counting semantics, proxy features, TTL grids, provider-specific trace windows,
cold-penalty models, and reference-budget definitions? RQ5 (Scalability): How does
runtime scale from top-1k to top-5k entities?

4.1 Datasets

Window protocol. The main Azure experiment uses a 3-day window with 60-
s slots. Because the public Azure invocation archive contains 14 consecutive daily
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Table 2 Summary of key notations and simulation configurations. Key notation and audited
simulation settings used in the evaluation

Symbol Description / Definition Value / Range

System Model & Workload

F The set of all serverless functions in the workload,
ranked by invocation frequency.

|F| = 1, 000 (Top-1k)

af (t) The number of invocation requests for function f
arriving at time slot t.

From Traces

∆ The granularity of time slots for simulation and
decision making.

60 seconds

B The global budget constraint for logical
warm-retention time (instance-seconds).

[0.5 . . . 50]×Bref

Algorithm Parameters (BudgetFunnel)

γ Candidate Screening Ratio. The fraction of
top-ranked functions selected for fine-grained
simulation (Stage 1).

0.10 (Default)

Θ The discrete set of candidate TTL values
(keep-alive duration) available for allocation.

{0, 0.5, 1, 2, 5, 10, 20, 30, 60}
min

gf,i The marginal gain ratio (ROI) of upgrading
function f to the next TTL level.

Computed dynamically

Evaluation Metrics

Lc/Lw Latency penalty model: Cold start latency vs.
Warm execution latency.

10s / 50ms

Of Per-request cold-start overhead of function f
(used by CSO).

Log-normal, σ = 1 (main
CSO)

CSR Cold-Start Rate. Request-weighted percentage
of invocations that incur a cold start.

Objective (Minimize)

CSO Cold-Start Overhead. Total cold-start
overhead weighted by per-function cold penalties.

Report (Lower is better)

WMT Wasted Warm Time. Warm-retention time
without serving any request (resource wastage).

Report (Lower is better)

Cost Total accumulated logical warm-retention time
across all functions.

Constraint (≤ B)

files, the non-overlapping robustness protocol uses four 3-day windows: W1=Days
1–3, W2=Days 4–6, W3=Days 7–9, and W4=Days 10–12. Days 13–14 are reserved
as a 2-day temporal hold-out and are not included in the four-window aggregate.
Alibaba Cluster Trace–Microservices v2021 provides a 12-h MSRTQps horizon at 60-s
granularity; the main Alibaba experiment uses the full 12 h. Its robustness analysis uses
five non-overlapping 2-h subwindows: W1=0–2 h, W2=2–4 h, W3=4–6 h, W4=6–8 h,
and W5=8–10 h. The remaining 10–12 h segment is reserved as a hold-out/additional
window. Thus, robustness windows are provider-specific and reflect the native trace
horizons rather than being forced to a common duration.
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Azure trace. We use public Azure invocation traces from the AzurePublicDataset
repository [35]. Following common practice in trace-driven serverless studies, we aggre-
gate per-function invocation counts into 1-minute slots. Unless otherwise stated, we
evaluate the top-1k functions ranked by total invocations in the representative 3-day
window.

Alibaba microservice workload. We use Alibaba Cluster Trace–Microservices

v2021 from the official alibaba/clusterdata repository [36], version
cluster-trace-microservices-v2021, specifically the MSRTQps module. The
audited input set comprises MSRTQps 0.csv through MSRTQps 24.csv. The records
span 12 h at 60-s granularity. The MCR fields are call rates (calls/s). During source-
field auditing, we found that HTTP MCR in MSRTQps 0.csv is numerically identical to
HTTP RT for 99.76% of valid records, whereas the remaining shards show only about
0.13% median exact equality. To avoid contaminating the workload reconstruction
with this shard-specific source anomaly, the primary Alibaba signal uses provider-side
RPC calls only. For microservice f and minute slot t, we sum providerRPC MCR over
all replicas i ∈ If (t) and reconstruct the per-minute request-count proxy as

af (t) = round


60

∑

i∈If (t)

providerRPC MCRf,i,t


 . (19)

We do not add consumer-side RPC rates because they represent calls issued by
the service to downstream services. We also exclude HTTP MCR from the primary
reconstruction because of the audited shard anomaly described above. Invalid/NaN
timestamps, non-positive reconstructed request counts, and never-active services are
removed. We rank services by

∑
t af (t) over the full 12-h horizon, select the top

1000, and break ties by ascending msname. Each selected microservice is treated as a
function-like allocation entity under the common TTL-retention abstraction. Because
this is a microservice workload trace rather than a native FaaS invocation trace,
Alibaba results are interpreted as cross-workload robustness evidence only. Because
the Alibaba horizon (12 h, and 2 h in the robustness subwindows) is shorter than
the 24-h autocorrelation lag, the periodicity feature in Eq. (11) is set to zero by the
stated insufficient-horizon rule; Alibaba screening therefore relies on the burstiness and
non-sparsity components of the same proxy definition. The audited providerRPC-only
reconstruction yields approximately 4.96 × 108 request-count proxy events over the
selected top-1000 workload, with 30.9% mean sparsity and a 69.1% active-slot ratio.

Trace statistics. Table 3 reports the audited representative-window statistics sup-
plied by the final preprocessing logs. The Alibaba total is the aggregated request-count
proxy described above rather than a count of native FaaS invocations.

4.2 Simulator and Policy Space

Simulator. We implement policies on a trace-driven simulator (SimFaaS) [31], which
models warm retention and cold-start events under TTL-based keep-alive. Warm-
state semantics, TTL discretization, and cold-request counting follow Sect. 3.4. This
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Table 3 Audited workload statistics and evaluation scope. Values marked ≈ are rounded
preprocessing summaries.

Trace
Entity
count

Main
horizon

Total request
signal

Avg.
sparsity

Active-slot
ratio

Azure serverless 1000 3 days ≈ 8.55× 108 invocations ≈ 18.4% ≈ 81.6%
Alibaba
Microservices
v2021∗

1000 12 h ≈ 4.96× 108 request-count
proxy

≈ 30.9% ≈ 69.1%

∗Alibaba reconstructs a per-minute request-count proxy from providerRPC MCR only, summed across repli-
cas and multiplied by 60. HTTP MCR is excluded after a shard-level field audit identified an anomaly in
MSRTQps 0.csv; the workload is not a native FaaS cold-start trace.

simulator is a trace-driven TTL-retention abstraction rather than a full model of
production concurrency and autoscaling.

Time granularity and TTL grid. We use 1-minute slots and the discrete TTL
grid defined in Eq. (1).

Warm-budget. We measure cost in warm instance-seconds (Eq. (6)). To obtain
Pareto curves, we sweep budget B using the grid in Eq. (18), where Bref is computed
by running the global TTL = 5 min reference policy on the same trace window using
the same simulator; for the audited Azure representative window, Bref = 2.47 × 107

warm instance-seconds. Sensitivity to 1-min and 10-min reference policies is reported
in the Supplementary Information. Unless otherwise stated, the candidate screening
ratio is γ = 0.10; sensitivity to γ ∈ {0.05, 0.10, 0.20} is reported in Sect. 4.7 and the
Supplementary Information.

4.3 Metrics

Primary metric: request-weighted cold-start rate (CSR). We report the global
request-weighted cold-start rate:

CSR(θ) =

∑
f∈F

∑T

t=1 c̃f (t; θf )∑
f∈F

∑T

t=1 af (t)
, (20)

where c̃f (t; θf ) = af (t) · I[uf (t) = 0] counts cold requests under aggregated traces
(Sect. 3.4). For completeness, we also report slot-level CSR in the Supplementary
Information.

Cost. We report warm instance-seconds: Cost(θ) in Eq. (6).

Cold-start overhead (CSO) with heterogeneous cold penalties. Prior work
shows that cold-start overhead is highly heterogeneous across functions, and lowering
the cold-start rate alone may not translate to a proportional reduction in end-to-end
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latency. Therefore, we additionally report the total cold-start overhead :

CSO(θ) =
∑

f∈F

T∑

t=1

Of · c̃f (t; θf ), (21)

where Of denotes the per-request cold-start overhead of function f (seconds/request),
and c̃f (t; θf ) is the number of cold requests (Eq. (20)). Because the public traces
do not provide measured per-function cold penalties, the main heterogeneous-CSO
results sample Of from a log-normal model Of ∼ LogNormal(µ, σ2) with σ = 1.0 and
µ = ln(10)− 1

2σ
2, so the untruncated distribution has mean 10 s. We clip Of to [1, 60]

seconds for numerical stability. Separately, the fixed-penalty sensitivity experiment
sets Of = Lc for all functions with Lc ∈ {1, 5, 10} s. Clipping changes the realized
empirical mean of the heterogeneous samples, especially for larger σ; therefore, the
σ sweep is interpreted as a tail-shape-plus-clipping sensitivity analysis rather than
as a strictly fixed-post-clipping-mean experiment. For reproducibility, for each trace
window we sample {Of} once with a fixed seed (42), and reuse the same sampled
{Of} across all methods and all budgets. We also report the normalized overhead

per request, CSO/Req = CSO/
∑

f∈F

∑T

t=1 af (t) (seconds/request), to make results
comparable across trace windows.

Wasted warm time (WMT) as resource wastage. Keeping containers warm
without serving requests consumes retention capacity without serving traffic. We quan-
tify this as wasted warm time (WMT), defined as the total warm-retention time that
does not serve any invocation:

WMT(θ) =
∑

f∈F

T∑

t=1

∆ I[uf (t) = 1]

· I[af (t) = 0].

(22)

measured in instance-seconds. We report WMT/Cost and ActualCost/B for all major
methods at 1×, 5×, and 10×Bref . This matched-budget comparison checks whether
CSR improvements are obtained by disproportionately larger idle-warm retention.
WMT/Cost is the fraction of consumed warm-retention cost spent in slots with
no invocation, while ActualCost/B indicates how fully a method uses the available
budget.

Tail latency (P99) via a cold-start penalty model. To quantify user-perceived
tail latency without requiring per-request service times, we adopt a simple penalty
model. Each request incurs warm latency Lw if it hits a warm instance, and incurs
cold-start latency Lc otherwise:

ℓ =

{
Lc, if cold start occurs,

Lw, otherwise.
(23)
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Fig. 4 Workload skewness and allocation mechanism. (A) Audited Azure workload anchor: approx-
imately 80% of cold requests are contributed by the top approximately 30% of functions, confirming
a pronounced long-tail structure. (B) Conceptual ROI view of the Stage-2 allocator: upgrades with
larger cold-request reduction per unit warm cost are prioritized subject to precedence and budget
constraints. (C) Conceptual effect of increasing the warm budget: the feasible allocation can pro-
gressively include longer TTL upgrades. Panels (B) and (C) are mechanism illustrations rather than
empirical scatter/distribution measurements

We report P99 over per-request latency samples. Because traces are aggregated into
counts af (t), we compute P99 using a weighted quantile: each slot contributes af (t)
requests with latency Lc when uf (t) = 0, and af (t) requests with latency Lw otherwise.
Unless otherwise stated, we use Lw = 50ms and Lc = 10s, and report sensitivity
with Lc ∈ {1, 5, 10}s. Because CSR is below 1% in several Azure settings, P99 often
collapses to the modeled warm latency; we therefore treat P99 only as an auxiliary
model-based indicator and emphasize CSR and CSO/Req.

Trade-off reporting. We plot Pareto frontiers of Cost vs. CSR by sweeping
budgets. When available, we additionally report the P99 tail-latency proxy under the
cold-start penalty model.

Efficiency. To quantify scalability, we report runtime of (i) proxy screening, (ii)
candidate evaluation, and (iii) global allocation, as well as the speedup over evaluating
all functions.

ROI definition (for allocation interpretation). To interpret allocation decisions,
we quantify the marginal ROI of upgrading function f from TTL level θi to θi+1 as
gf,i = ∆ColdReqf,i/∆Costf,i, where ∆ColdReqf,i is the reduction in cold requests
under the simulator and ∆Costf,i is the additional warm instance-seconds incurred
by the upgrade.

Screening quality (for γ ablation). Let H denote the set of top-10% functions
with the highest ROI (computed from full evaluation, γ = 1). For a screened candidate
set Fcand, we report Recall@Top-10% = |Fcand ∩ H|/|H| and Precision = |Fcand ∩
H|/|Fcand|.

4.4 Workload Skewness and Allocation Mechanism

The audited Azure trace exhibits substantial workload skew: approximately 80%
of cold requests are concentrated in the top approximately 30% of functions. This
observation motivates non-uniform warm-budget allocation, because a relatively small
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subset of functions accounts for most cold-start exposure. Fig. 4A reports this audited
long-tail anchor. Panels B–C illustrate the allocation logic only: BudgetFunnel pri-
oritizes feasible TTL upgrades with high marginal cold-request reduction per unit
warm cost, while larger budgets permit progressively longer retention choices. We
deliberately present these panels as mechanism illustrations rather than as additional
empirical measurements.

4.5 Baselines

We compare BudgetFunnel with policies evaluated under the same trace window,
warm-state semantics, TTL grid, and budget. Baseline implementations are kept
within the TTL/keep-alive policy family so that they are reproducible from aggregated
traces.

B1: No keep-alive (TTL=0). No function is retained warm (θf = 0 for all f).

B2: Global fixed TTL. All functions share one TTL θglobal ∈ Θ. We select the best
feasible global TTL under each budget without per-function oracle information.

B3: IAT-Mean TTL. For each function, let tf,1 < · · · < tf,nf
denote the active-slot

indices. When nf > 1, the baseline computes the arithmetic mean active-slot inter-
arrival time, ∆̄tf = ∆

60(nf−1)

∑nf

j=2(tf,j − tf,j−1) minutes; for nf ≤ 1, the target is

zero. A single workload-wide scale factor λ is selected by 20 iterations of binary search
so that the resulting policy is feasible under budget B. Each scaled target λ∆̄tf is
snapped downward to the largest TTL in Θ not exceeding that target. This baseline is
therefore a mean-IAT history heuristic rather than an exponentially weighted moving
average.

B4: Histogram TTL. For each function, we compute active-slot inter-arrival times
and use the empirical 95th percentile as the unbudgeted target TTL. We apply the
same workload-wide scaling and downward grid-snapping procedure used for IAT-
Mean TTL to satisfy B. Thus, neither history-based baseline uses BudgetFunnel’s
simulated ∆CR/∆Cost values for budget projection.

B5: Full-evaluation greedy (γ = 1). We evaluate all functions over the TTL grid
and then run exactly the same precedence-aware greedy allocator as BudgetFunnel.
This is a full-evaluation reference that isolates screening loss; it is not an optimization
upper bound.

Exact MILP validation on reduced workloads. To quantify the allocation
approximation separately, we compare greedy and an exact same-scope MILP on the
audited Azure representative workload. For each N ∈ {50, 100, 200}, we select the
top-N functions by total invocations from the same preprocessed top-1000 set; ties
are broken by ascending function ID. The reference budget is recomputed inside each
reduced scope,

Bref,N = CostFN
(Global TTL = 5 min), (24)
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and the comparison uses B = 1×Bref,N . For a fixed reduced set FN , binary variable
xf,θ selects exactly one TTL per function:

min
x

∑

f∈FN

∑

θ∈Θ

xf,θ CRf (θ)

s.t.
∑

f∈FN

∑

θ∈Θ

xf,θ Costf (θ) ≤ B,

∑

θ∈Θ

xf,θ = 1, ∀f ∈ FN ,

xf,θ ∈ {0, 1}.

(25)

We solve the 0–1 formulation with Google OR-Tools CP-SAT 9.10.4067 using a 60-
s time limit, one search worker, relative gap limit 0, and random seed 42. All three
audited runs return OPTIMAL; the reported MILP objective values are therefore exact
optima for these evaluated reduced formulations. Greedy uses the identical reduced
function set, TTL grid, simulated cost/benefit tables, and Bref,N .

4.6 Main Results

Budget–CSR trade-offs. Fig. 5 summarizes the audited trade-offs. On Azure,
BudgetFunnel obtains CSR values of 0.00396, 0.00120, and 0.00085 at 1×, 5×, and
10×Bref , respectively, compared with 0.00390, 0.00118, and 0.00084 for full-evaluation
greedy. Across the full Azure budget sweep, the maximum relative gap to full eval-
uation is 2.48%. On Alibaba, the corresponding BudgetFunnel values are 0.00900,
0.00310, and 0.00195, with a maximum full-sweep gap of 2.16%. Relative to Global
TTL, the largest Alibaba CSR reduction is 39.4%; relative to IAT-Mean TTL, the
largest reduction is 21.8%. These statements refer to the audited budget points and
should not be interpreted as uniform dominance over every conceivable policy.

Multi-window robustness. Across the four valid non-overlapping 3-day Azure
windows (Days 1–12), BudgetFunnel obtains 0.00396± 0.00017 CSR versus 0.00390±
0.00017 for full-evaluation greedy at 1 × Bref . The corresponding Global TTL, IAT-
Mean TTL, and Histogram TTL averages are 0.00631 ± 0.00036, 0.00471 ± 0.00024,
and 0.00513 ± 0.00026, respectively. Each window independently re-selects the top-
1000 functions and recomputes its own Bref ; per-window values are reported in the
Supplementary Information.

Fixed-budget summary. Table 4 reports audited Azure values. P99 equals the
modeled 50-ms warm latency at these points because the request-weighted cold frac-
tion is below the 1% quantile threshold; consequently, P99 is auxiliary and CSR/CSO
are more discriminative.

Resource-utilization comparison. BudgetFunnel remains close to full-evaluation
greedy in idle-warm efficiency: the WMT/Cost difference is 0.9, 0.8, and 0.8 percentage
points at 1×, 5×, and 10×Bref , respectively, while both methods use similar fractions
of the available budget. BudgetFunnel also has lower WMT/Cost than Global TTL,
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Fig. 5 Audited end-to-end results. (A) Azure CSR versus normalized warm budget; full-evaluation
greedy and BudgetFunnel are shown over the complete budget sweep, while representative baselines
are shown at the audited fixed-budget points. (B) Alibaba CSR versus budget for all evaluated
methods. (C) Model-based CSO/Req sensitivity to fixed cold penalties at Azure 1×Bref . (D) Relative
CSR gap between BudgetFunnel and full-evaluation greedy over the complete Azure and Alibaba
budget sweeps.

IAT-Mean TTL, and Histogram TTL at all three audited budgets. Thus, its CSR
quality is not obtained by disproportionately larger idle warming.

Budget saturation. ActualCost/B falls from 99.1% at 1 × Bref to 78.6% at 10 ×
Bref , indicating that the finite TTL grid and available useful upgrades make the
budget progressively non-binding. High-budget convergence is therefore interpreted as
saturation rather than additional evidence of method equivalence.

4.7 Ablation Studies

A1: Candidate ratio γ. Fig. 6 shows the Azure speed–quality trade-off at 1×Bref .
At γ = 0.05, screening yields a 14.8× speedup but a 9.74% relative CSR gap to full
evaluation. Increasing to γ = 0.10 raises Recall@Top-10% to 0.86, reduces the CSR
gap to 1.54%, and still gives a 9.0× speedup. At γ = 0.20, recall reaches 0.96 and
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Table 4 Audited fixed-budget performance results on Azure traces (lower is better). Matched
resource-utilization metrics are reported separately in Table 5.

Method Metric 1×Bref 5×Bref 10×Bref

TTL=0 CSR 1.0000 1.0000 1.0000

Global TTL CSR 0.00630 0.00173 0.00101

IAT-Mean TTL CSR 0.00472 0.00139 0.00092

Histogram TTL CSR 0.00511 0.00147 0.00095

Full-evaluation greedy CSR 0.00390 0.00118 0.00084

BudgetFunnel (γ =
0.10)

CSR 0.00396 0.00120 0.00085

BudgetFunnel CSO/Req
(s/request)

0.0378 0.0117 0.0084

BudgetFunnel model-based P99
(Lc = 10s)

0.05 s 0.05 s 0.05 s

Table 5 Matched resource-utilization diagnostics on Azure. WMT/Cost is lower when less
consumed warm-retention time is idle; ActualCost/B shows budget utilization. Values are
percentages.

Method

1×
WMT/

Cost

5×
WMT/

Cost

10×
WMT/

Cost

1×
Actual
Cost/B

5×
Actual
Cost/B

10×
Actual
Cost/B

Global TTL 69.8% 81.5% 87.9% 100.0% 96.8% 82.6%
IAT-Mean TTL 66.4% 78.3% 84.9% 99.0% 95.6% 80.8%
Histogram TTL 68.7% 80.6% 86.5% 98.7% 95.1% 81.4%
Full-evaluation
greedy

61.9% 73.8% 80.1% 99.5% 95.7% 79.8%

BudgetFunnel 62.8% 74.6% 80.9% 99.1% 94.8% 78.6%

the CSR gap falls to 0.51%, but speedup drops to 4.7×. Alibaba shows the same
qualitative trade-off: at γ = 0.10, recall is 0.81, the CSR gap is 1.93%, and speedup is
9.0× (Supplementary Information).

A2: Proxy feature ablation. No single proxy feature reproduces the full proxy
quality. Burstiness-only, non-sparsity-only, and periodicity-only produce CSR gaps
of 8.21%, 6.15%, and 18.21%, respectively. Combining burstiness and non-sparsity
reduces the gap to 2.82%, while using all three features reduces it further to 1.54%.
Thus, periodicity is weak alone but provides additional information in combination
with the other features.

A3: Alternative cold-counting semantics. At Azure 1×Bref , request-weighted
CSR ranks Full-eval, BudgetFunnel, IAT-Mean, Histogram, and Global TTL from
best to worst (0.00390, 0.00396, 0.00472, 0.00511, 0.00630). Slot-level CSR changes
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Fig. 6 Candidate-ratio ablation on Azure at 1 × Bref . (A) Relative CSR gap to full evaluation
versus candidate ratio. (B) Proxy, fine-evaluation, and allocation runtime. (C) Recall@Top-10% and
precision of the screened set.

the absolute values (0.0091, 0.0093, 0.0108, 0.0119, 0.0138) but preserves the iden-
tical ranking. This supports the comparative conclusion while acknowledging that
aggregated traces cannot reconstruct the exact number of per-request cold starts.

A4: TTL-grid sensitivity. The default grid yields CSR 0.00396 with 0.290 s fine-
evaluation time. Removing the 0.5-min point leaves CSR unchanged (0.00396) and
reduces fine-evaluation time to 0.259 s. A coarse grid increases CSR to 0.00410, while a
denser grid improves it marginally to 0.00391 at 0.354 s. The principal quality/runtime
conclusion is therefore not tied to one precise grid.

A5: Greedy versus the exact MILP optimum. On top-N reduced Azure work-
loads, with Bref,N recomputed separately for each scope, exact MILP versus greedy
CSR is 0.00281 versus 0.00285 for N = 50, 0.00312 versus 0.00318 for N = 100,
and 0.00346 versus 0.00355 for N = 200. CP-SAT returns OPTIMAL for every audited
instance. The corresponding greedy optimality gaps are 1.42%, 1.92%, and 2.60%.
Exact MILP runtimes grow from 0.09 to 1.87 s, whereas greedy takes 0.001–0.007 s.
Thus, the allocator is empirically close to the exact optimum on these reduced scopes
while remaining substantially faster.

4.8 Policy Attribution and Micro-dynamics

Fig. 7 explains why BudgetFunnel performs well under a unified budget: it con-
centrates warm budget on bursty high-impact functions while reclaiming budget from
sparse-tail functions where warming yields little benefit.

4.9 Scalability and Runtime Analysis

Table 6 reports mean±std over 10 repeated runs. At top-1k, γ = 0.10 reduces total
runtime from 2.967± 0.063 s to 0.329± 0.010 s (9.0×). At top-5k, runtime falls from
14.567±0.185 s to 1.611±0.030 s (9.0×). Fine-grained candidate evaluation dominates
the runtime, consistent with the intended coarse-to-fine design.
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Fig. 7 Policy attribution and micro-dynamics (illustrative under the trace-driven abstraction). (A)
Global allocation map: longer TTLs are assigned to high-frequency and bursty functions, while sparse-
tail functions receive shorter TTLs or TTL= 0. (B) Case A (bursty, high-frequency): BudgetFunnel

uses a longer TTL to convert cold to warm hits under controlled cost. (C) Case B (sparse tail):
BudgetFunnel avoids wasting budget (TTL= 0), freeing budget for high-ROI functions

Table 6 Runtime breakdown and scalability in seconds, reported as mean±std over 10 runs.

Scale γ Proxy Fine Alloc. Total Speedup

top-1k 0.10 0.031± 0.002 0.294± 0.009 0.004± 0.001 0.329± 0.010 9.0×
top-1k 1.00 0.031± 0.002 2.921± 0.061 0.015± 0.002 2.967± 0.063 1.0×

top-5k 0.10 0.143± 0.005 1.455± 0.027 0.013± 0.002 1.611± 0.030 9.0×
top-5k 1.00 0.143± 0.005 14.349± 0.181 0.075± 0.004 14.567± 0.185 1.0×

All runtime experiments were conducted on an Intel Xeon E5-2620 v4 @ 2.10
GHz system with 8 physical cores (16 logical threads) and 32 GB RAM, running
Ubuntu 20.04.6 LTS x86 64. The software environment used Python 3.9.18, NumPy
1.26.4, Pandas 2.1.4, and Google OR-Tools 9.10.4067. Each runtime entry reports
mean±std over 10 runs. Main experiments used one execution thread; CP-SAT used
num search workers=1.

5 Discussion and Limitations

The evaluation uses aggregated workload traces and therefore should be interpreted
as a trace-driven TTL-retention abstraction, not a reconstruction of complete produc-
tion serverless dynamics. Azure provides serverless invocation counts, whereas Alibaba
Microservices v2021 supplies a microservice request-count proxy used only for cross-
workload robustness. First, Eq. (5) counts all requests in a cold slot as cold-exposed;
the slot-level sensitivity analysis shows that this changes absolute rates but not the
evaluated method ranking. Second, the warm-state model tracks one logical warm state
per function and omits concurrent instances, queueing, and autoscaling interactions.
Third, latency and CSO are derived from explicit penalty models because the pub-
lic traces do not provide per-request service-time measurements; P99 is consequently

23



reported only as an auxiliary model-based indicator. Fourth, the main formulation
uses one warm-retention budget rather than simultaneous CPU, memory, network, or
energy constraints. Finally, BudgetFunnel is an offline trace-driven allocator; adapting
it to non-stationary workloads would require periodic retraining or online updates.

The robustness experiments reduce, but do not eliminate, these external-validity
limitations. Validation on an open-source FaaS platform such as OpenWhisk or
Knative would be a useful next step.

6 Conclusion

We presented BudgetFunnel, a coarse-to-fine trace-driven framework for allocating
a shared warm-retention budget across serverless functions. The framework reduces
the number of expensive per-function TTL evaluations through proxy screening and
then uses a precedence-aware greedy allocator over the simulated marginal benefits
and costs. The revised evaluation separates screening loss from allocation loss: at
γ = 0.10, BudgetFunnel provides about 9× end-to-end speedup while remaining within
1.54% of full-evaluation greedy on Azure and 1.93% on Alibaba at 1 × Bref ; over
the complete budget sweep, the maximum gap remains below 2.5%. Same-scope exact
MILP experiments place the greedy allocator within 1.42–2.60% of the certified opti-
mum for reduced Azure scopes of 50–200 functions. Provider-specific multi-window,
cold-counting, proxy-feature, TTL-grid, cold-penalty, reference-budget, and matched
resource-utilization analyses show that the principal comparative conclusions are
stable under the tested settings.

These results support BudgetFunnel as a scalable approximation for trace-driven
shared-budget allocation, rather than as a globally optimal production autoscaling
solution. Future work should validate the framework on an executable serverless
platform and extend the cost model to multi-instance and multi-resource constraints.
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