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Abstract

Existing autoscaling approaches primarily leverage direct service
calls to model the propagation effects of scaling decisions across
inter-service dependencies. However, the intricate and implicit ser-
vice interactions (i.e., latent dependencies) often go beyond such
direct invocations, rendering suboptimal scaling actions and poor
adaptability. To address these limitations, we propose PANORAMA,
a novel autoscaling framework that explicitly unveils and exploits
indirect service interactions. In particular, we formalize two funda-
mental categories of latent dependencies, i.e., resource interference
dependencies (RIDs), which emerge from shared infrastructure re-
sources, and execution blocking dependencies (EBDs), which stem
from temporal constraints in the execution logic of business work-
flows. PANORAMA employs a hybrid attention mechanism to model
these multifaceted service dependencies alongside temporal dynam-
ics. We also design a meta-learning paradigm to enable rapid adap-
tation to evolving workload patterns and dependency structures
without extensive retraining. Evaluation across four representative
microservice benchmarks shows that PANORAMA consistently out-
performs state-of-the-art baselines, achieving up to 68% reduction
in resource consumption while improving response time by 42%.
This highlights the critical importance of explicitly modeling latent
dependencies for effective microservice resource management.
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1 Introduction

Microservice architectures enable independent scaling of individual
services [6, 9, 37, 54]. However, this fine-grained scalability intro-
duces significant complexity when managing resources in produc-
tion environments. Rapid resource autoscaling therefore becomes
essential for microservice applications to accommodate workload
fluctuations. State-of-the-art methods [32, 39, 40, 57] leverage deep
learning to capture intricate and evolving workload patterns. A
key strategy used involves modeling spatial and temporal features
between microservices through service dependency graphs. They
recognize that effective autoscaling requires understanding both
inter-service interactions across the system topology (spatial di-
mension) and their evolution over time (temporal dimension). By
analyzing these dual aspects, existing methods can track work-
load propagation patterns through dependencies and preemptively
mitigate bottlenecks before they degrade end-user performance.

Although direct invocations are the most representative type of
service dependency, intricate inter-service relationships go consid-
erably beyond explicit call graphs [43, 49, 50, 55]. Existing methods
that rely on direct invocations to model the cascading effects of
their scaling decisions may yield an incomplete and inaccurate
view of system-wide dynamics. Recent work, e.g., DeepScaler [32],
attempts to address this gap by adaptively learning an “affinity
matrix” to uncover hidden statistical correlations among services.
However, microservices influence each other through multiple dis-
tinct mechanisms, from infrastructure-level resource sharing to
application-level workflow coordination. DeepScaler’s expectation-
maximization-based learning, seeded by the direct call graph, re-
duces these interactions to a single undifferentiated affinity matrix
optimized for prediction error rather than dependency discovery.
Thus, it cannot distinguish dependencies rooted in different sys-
tem semantics and may miss interactions that do not manifest as
statistical co-variation in service-level metrics. Our investigation
(Sec. 4.2.3) confirms that DeepScaler fails to capture many critical
latent dependencies that arise from these distinct mechanisms.

To overcome these limitations, we propose to explicitly model
the latent dependencies, which aims to reveal service interaction
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patterns beyond direct call graphs and provide more accurate de-
pendency representations. Our framework systematically catego-
rizes and models two distinct types of latent dependencies, each
grounded in a specific mechanism of indirect service interaction.

® Resource Interference Dependencies (RIDs): At the infrastructure
layer, RIDs emerge when microservices deployed on the same
physical or virtual host compete for shared resources (e.g., CPU
and memory), creating performance interdependencies that
transcend direct invocations. While some approaches [13, 58]
use system metrics to infer such interactions, they often suffer
from high modeling complexity and imprecise results.

e Execution Blocking Dependencies (EBDs): At the application
layer, EBDs occur when a microservice is delayed or impeded
due to its reliance on another service to complete a prerequisite
task within the business workflow. For example, a checkout ser-
vice must complete payment before sending a purchase email
(Sec. 2.2.3). Crucially, these blocking dependencies may exist
even without direct calls, allowing bottlenecks in one service
to delay others that depend on its output or state change.

While resource contention among co-located services and workflow-
level execution ordering are individually recognized phenomena
in cloud and distributed systems, existing autoscaling approaches
have not systematically formalized them as explicit, mineable de-
pendency types. We address this gap by directly incorporating
these dependencies into the autoscaling framework and designing
mechanism-specific algorithms to mine them.

Based on these latent dependencies, we design PANORAMA, a mi-
croservice autoscaling framework for more effective and adaptive
resource management. PANORAMA introduces a hybrid attention
mechanism that decouples attention computation into specialized
heads focusing on distinct dependency types alongside temporal
dynamics, capturing multifaceted service relationships. Moreover,
we design a meta-learning paradigm for rapid adaptation to evolv-
ing workload patterns and dependency structures, avoiding the
overhead of extensive retraining. This is achieved by identifying
distinct adaptation tasks and incorporating spatial positional encod-
ings and real-time dependency information as contextual elements.
Through this integrated approach, PANORAMA enables coordinated
and unified resource adjustments across the entire microservice
application while balancing resource efficiency and service quality.
Our evaluation shows that PANORAMA consistently outperforms
state-of-the-art baselines, achieving up to 68% reduction in resource
consumption while improving response time by 42%.

To sum up, this work makes the following major contributions:

o We identify and formalize two critical types of latent depen-
dencies that remain largely unaddressed, i.e., RIDs and EBDs.
They capture the complete spectrum of service interactions that
influence resource requirements and performance propagation.
We present PANORAMA, which employs a hybrid attention mech-
anism with a meta-learning strategy for accurate and adaptive
autoscaling. By integrating latent dependencies with direct ser-
vice invocations, PANORAMA delivers coordinated autoscaling
decisions that balance service quality and resource efficiency,
while adapting effectively to dynamic service environments.
e We implement PANORAMA on K8s and evaluate it across various
benchmarks. The results demonstrate that PANORAMA achieves
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significant improvements over existing methods. Further stud-
ies confirm the benefits of latent dependencies toward accurate
service autoscaling and PANORAMAs ability to discover them.

2 Background and Problem Formulation

2.1 Microservice Autoscaling

Autoscaling dynamically allocates compute resources to maintain
service performance under changing workloads. It operates as a
closed-loop control system via container orchestration platforms
like Kubernetes (K8s). Autoscaling can be performed through hori-
zontal scaling, which adjusts the number of service instances (repli-
cas), or vertical scaling, which modifies the CPU/memory allocation
of existing instances. Microservice complexity greatly impacts au-
toscaling effectiveness, presenting two key challenges.

e Multifaceted service dependencies: The multifaceted nature
of service dependencies, which go beyond simple direct invo-
cations, creates complex and often non-obvious performance
relationships. This makes it difficult to anticipate how scaling
one service might propagate and impact others. Thus, modeling
such relationships requires capturing context-sensitive interac-
tions while accounting for intricate service-state variations.

e Dynamic environments: The workload patterns and mi-
croservice characteristics are constantly evolving due to user
behavior changes, code deployments, and configuration modifi-
cations. Achieving an optimal balance between QoS guarantees
and resource efficiency requires sophisticated modeling and
decision-making capabilities that account for both immediate
performance needs and future demand forecasts [5, 6].

2.2 Heterogeneous Microservice Dependencies

Direct dependencies characterize explicit service interactions but
represent only one facet of complex service relationships. We inves-
tigate other critical latent dependencies that significantly impact ser-
vice performance and resource efficiency, but remain unaddressed.
We illustrate different dependencies using an e-commerce applica-
tion (partial) in Fig. 1, where the white and gray traces represent
the product recommendation and checkout workflow, respectively.

2.2.1 Direct Invocation Dependencies (DIDs). DIDs represent ex-
plicit call relationships between microservices, which are relatively
straightforward to identify through distributed tracing systems
(e.g., Jaeger, Zipkin). The discrepancies in processing throughput or
resource allocation among directly connected services may create
bottlenecks that amplify latency and degrade end-to-end perfor-
mance. Thus, many autoscaling approaches [28, 32, 48] incorporate
these direct dependencies into their decision-making process, rec-
ognizing that effective resource provisioning must consider the
entire request execution path rather than local service metrics.

2.2.2  Resource Interference Dependencies (RIDs). RIDs represent
implicit performance interference between co-located services that
compete for shared hardware resources, even without direct com-
munication [24, 39, 50]. Although container mechanisms such as
cgroups, namespaces, and CPU/memory limits provide OS-level
isolation, they cannot fully eliminate contention for shared re-
sources such as last-level cache, memory bandwidth, and node-level
1/0 [24, 50]. Even finer-grained controls (e.g., CPU pinning or cache



PANORAMA : Unveiling Latent Dependencies for Microservice Autoscaling via Meta-learning

ML model l.Jser. > Payme.nt —>| Notification
validation processing
User Auth \ Inventu@
\A Address rans.
Product confirm | | execution
o0 =S [swoping

i Microservice Shared host Callorder DID  RID  EBD

Figure 1: Heterogeneous Microservice Dependencies

partitioning) cannot fully prevent cross-core interference on shared
hardware [13, 58]. RIDs are especially common in cloud because K8s
placement mechanisms such as node affinity and anti-affinity are
often soft controls rather than hard guarantees. Scaling operations,
node failures, or resource pressure may force unrelated services to
share the same node, creating “noisy neighbor” effects [39, 50] that
can degrade performance and mislead autoscaling decisions.

2.2.3  Execution Blocking Dependencies (EBDs). EBDs represent
implicit performance constraints in hierarchical execution flows
and fixed call sequences of microservice workflows. Unlike DIDs,
EBDs occur when downstream services are throttled because earlier
services in the request lifecycle must complete before the workflow
can proceed, even without direct invocations. For the checkout
process in Fig. 1, the checkout service orchestrates a sequential
workflow wherein user validation must precede payment processing.
The user validation phase itself involves user authentication fol-
lowed by address confirmation. If address confirmation experiences
bottlenecks, the entire downstream execution chain (e.g., payment
processing) is blocked regardless of resource availability. A similar
blocking dependency exists between the payment processing and
notification service (Sec. 3.3.3). Conventional methods fail to detect
such hidden bottlenecks explicitly, as they only analyze call graphs,
not end-to-end execution semantics. We formalize these temporal
constraints by modeling all potential blocking relationships, reveal-
ing how resource shortages in seemingly unrelated services can
cascade through the system via execution ordering requirements.

These execution blocking patterns stem from common microser-
vice design choices [22, 30, 38], including synchronous communi-
cations (e.g., HTTP, RPC), strict workflow prerequisite tasks, and
distributed transaction coordination. Additionally, contention for
finite logical resources (e.g., database connection pools) or strict
ordering requirements in event-driven pipelines frequently forces
downstream services into temporary waiting states.

2.3 Problem Formulation

We model a microservice application as a directed graph of multiple
services, denoted as G = (V, A), where V = {v,03,...,0n} is
a finite set of nodes representing the services with |'V| = N and
A = {Ald) Arid) 7 (ebd)} g 3 collection of adjacency matrices.
Each matrix A € {0, 1}¥*N represents a distinct dependency
type (i.e., DID, RID, or EBD) between services and AE;) =1ifa
dependency exists between v; and v;. At each time step ¢, we collect
a set of L performance metrics for each service v; € V (e.g., CPU
utilization, instance count, request rate). These metrics are derived
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from per-instance measurements, aggregated across all running
instances of a service (e.g., summed for request count).

Let x,tm. € R denote the value of the k-th metric for service v; at
time t, where k € {1,...,L}. The vector of metrics for service v;
at time ¢ is x} = (xii, xé,i, e xz’i)T € RL. The state of the entire
application at time ¢ is represented by the collection of metrics for all
services, denoted by X; = (x}, x5, .. ,,x;\,)T € RNXL To capture the
temporal dynamics and provide context for prediction, we consider
a historical window of 7 time steps. The input data available at time
t for predicting the future resource requirements is the sequence
of historical metric observations X;_;1+1.y = (Xi—z41, .. ., Xi—1, Xp),
which can be viewed as a tensor in RNXI*7,

The core problem is to determine the appropriate number of
instance replicas for each service v; € V at the next time step ¢ + 1.
This demand allocation relies on historical metric data X;_;41.
and multifaceted dependencies A. Let y!*! € Ry be the predicted
resource demand for service v; at time ¢ + 1. The output vector for
all services is denoted by Y+ = (y!*!,yi*!, ..., y4")T € RY|. The
formulation operates at the service level where individual instances
do not evolve independently (i.e., horizontal scaling), which is a
common setting in existing studies [4, 32, 48, 52]. The objective is
to determine Y**! to simultaneously address two competing goals:

® QoS Assurance: Guarantee that the application meets its Service
Level Agreements (SLAs), primarily concerning the end-to-end
response time. This implies allocating enough instances to
handle workload surges and maintain low latency.

o Resource Utilization Optimization: Achieve high utilization of
the allocated computational resources across the microservice
application. This aims to minimize resource waste and opera-
tional costs by avoiding over-provisioning.

Although both scaling dimensions can address this problem,
we focus on horizontal scaling for practical considerations. First,
vertical scaling in K8s often lacks support for “in-place” resource
updates [3, 26], as modifying CPU/memory limits typically requires
a container restart, disrupting request processing. Although K8s
v1.35 recently graduated in-place Pod resource resize to GA [17], it
still has known limitations such as restricted support for certain
resource policies and potential race conditions between the kubelet
and scheduler. Second, vertical scaling introduces scheduling chal-
lenges [41], as increasing resource limits may cause instances to
no longer fit on their node, triggering rescheduling and cascading
evictions. More importantly, our core contribution is explicitly mod-
eling heterogeneous service dependencies to decide which services
to scale and by how much, which is independent of how the scaling
is executed. The dependency-aware model forecasts per-service
resource demand, which can be fulfilled either by adding repli-
cas (horizontal) or by increasing per-instance allocations (vertical).
We adopt horizontal scaling as a mature and operationally stable
platform for validating our dependency modeling contribution.

3 Methodology

3.1 Overview

In this section, we present PANORAMA for microservice autoscal-
ing. It follows the well-established MAPE (Monitor-Analyze-Plan-
Execute) pipeline commonly used in existing approaches [32]. Fig. 2
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Figure 2: Overview of the PANORAMA System Architecture

illustrates this architecture: performance monitoring (Monitor) peri-
odically collects workload-related metrics and microservice traces;
dependency mining (Analyze) uncovers fine-grained heterogeneous
service dependencies from the collected data; predictive autoscaling
(Plan) forecasts per-service resource demands informed by these
dependencies; and resource orchestration (Execute) converts the pre-
dictions into scaling actions to optimize resource allocation and
service performance. These four phases form a closed control loop:
each execution changes the system state, which the next monitor-
ing cycle observes, enabling PANORAMA to continuously adapt to
evolving workloads and dependencies.

3.2 Performance Monitoring

System metrics provide real-time visibility into service performance,
workload patterns, and resource utilization, which are essential for
autoscaling decisions. However, fine-grained service-level monitor-
ing presents challenges in practice, as cloud platforms may lack na-
tive support. Traditional application-level instrumentation typically
demands specialized developer expertise and can lead to intrusive
code modifications or tight coupling with core microservice logic.

To enable transparent data collection, we deploy Envoy side-
car proxies into each microservice pod via the Istio service mesh,
creating a dedicated data plane for observability. A monitoring
component retrieves metrics (e.g., CPU utilization, memory usage,
request latency, and request rate) from the sidecar proxies through
Prometheus-compatible endpoints. A tracing component leverages
Jaeger (which is seamlessly integrated with Istio’s data plane) to
collect traces by intercepting inter-service communications at the
proxy level. Both metrics and distributed traces are then forwarded
to a database backend for storage and subsequent processing. Cru-
cially, this transparency means that data collection requires no
code changes or developer involvement. All telemetry is gathered
automatically by Envoy sidecars. PANORAMA passively observes
production traffic rather than prescribing workloads, so it natu-
rally captures runtime variations such as request-rate fluctuations,
shifting call patterns, and sudden traffic spikes.

3.3 Dependency Mining

Using the collected telemetry, this phase constructs a holistic service
interaction graph with different types of dependencies, i.e., DIDs,
RIDs, and EBDs. Given the intricate and evolving nature of service
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workloads, these dependencies are mined in real time to ensure
that accurate and timely dependencies are available for autoscaling.

3.3.1 Direct Invocation Dependencies. DIDs are derived by parsing
distributed traces from monitoring phase to reconstruct call graphs.
Each trace, representing an end-to-end request flow [10, 56], is com-
posed of spans annotated with service identifiers, timestamps, etc.
These spans record the operations of individual services throughout
the lifecycle of a request. A DID is established from a parent service
to a child service if a parent span initiates a call to a child span.

3.3.2  Resource Interference Dependencies. Identifying RIDs requires
mapping logical services to their physical deployment topology to
uncover potential resource contention among co-located instances.
Based on K8s, we establish this topology through a two-step ex-
traction process. First, we construct service-to-instance mappings
(e.g., UserService — [Pod-A, Pod-B, Pod-C]) by querying label se-
lectors from Deployment and Service metadata. Subsequently, we
build instance-to-node mappings (e.g., [Pod-A, Pod-B, Pod-C] —
Node-X) by inspecting the spec.nodeName attribute of each Pod.
To maintain an accurate topology view during dynamic workload
redistribution, we utilize the K8s Watch API to track real-time
Pod lifecycle events. Instances co-residing on the same node are
flagged as potential RIDs based on these mappings. However, simple
co-location does not guarantee actual interference due to native iso-
lation mechanisms like cgroups and CPU pinning. We address this
discrepancy by dynamically validating and quantifying these struc-
tural dependencies. Specifically, we analyze their runtime workload
characteristics by computing an attention score between co-located
services using their real-time performance metrics (see Sec. 3.4.2).

3.3.3  Execution Blocking Dependencies. The mining of EBDs em-
ploys a two-stage process. First, we infer call order relationships
between services, which refer to the execution sequence of sibling
microservices (i.e., services invoked by the same parent). Based on
the call orders, we then identify deeper sequential constraints across
various workflow execution paths, which constitute the EBDs.
Call order construction. We mine runtime traces to construct
dynamic call orders, which is essentially a timestamp-based graph
construction problem [11, 33, 50]. For each span of service v, we
identify its child spans representing the sibling services (say v;
and v;) and sort them by start timestamps. In this sorted sequence,
a pairwise call order v; — v; is considered if, for two chrono-
logically adjacent spans s; and s; (corresponding to v; and v}, re-
spectively), they satisfy s;.start_time > s;.end_time — 6. The small
tolerance § > 0 accounts for potential clock skew between nodes.
Within each parent service context, all such pairwise call orders
are transitively merged to form call order paths of the parent vy.
For instance, merging User validation — Payment processing and
Payment processing — Notification yields the path User valida—
tion — Payment processing — Notification. This merging pro-
cess is recursively applied until no more call orders can be merged.
EBD mining. Given a service v, that precedes v within the
same parent context, we identify the child services at the tail of v,’s
call order paths, whose completion is a prerequisite for s to initiate.
Each tail service is recursively traversed to explore its own tail ser-
vices, forming a dependency chain that terminates at leaf services
(those issuing no further calls) of the invocation graph rooted at v,.
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An EBD is established from these tail leaf services to the direct suc-
cessor of vy, i.e., v, in the inferred call order. Consider the Checkout
service in Fig. 1, where Payment processing precedes Notification in
the call order. The path [--- — Trans. execution — Shipping] rep-
resents one of the call order paths initiated by Payment processing.
In this sequence, Shipping functions as the tail service. The same
applies to Inventory, as Payment processing calls them concurrently.
Since both Shipping and Inventory are tail services in distinct call
order paths from Payment processing, they maintain an EBD with
their common successor, Notification. This logic extends to a finer
granularity within the Payment processing workflow itself, where
Trans. execution precedes both Inventory and Shipping. As Trans.
execution is a leaf node, it is identified as its own tail service. This es-
tablishes an EBD from Trans. execution to its successors, indicating
that their execution is blocked until the transaction completes.

The above mining processes may introduce inaccuracies. False
positives can arise from clock skew or network jitter in EBD mining
(mitigated by ), transient co-location without actual contention
for RIDs (addressed by attention-based validation in Sec. 3.4.2), or
stale traces for DIDs (mitigated by aggregation over a sufficient
observation window). These spurious edges may lead to resource
misallocation driven by non-existent relationships. Our hybrid at-
tention mechanism provides a principled defense: since attentions
are computed from real-time monitoring data within per-type heads,
false dependencies lacking consistent correlations receive near-zero
weights and are excluded from scaling decisions (Sec. 3.4.2). False
negatives occur when certain execution paths remain unexercised
during the observation window, leaving some dependencies unde-
tected. In this case, PANORAMA falls back to utilizing DIDs alongside
each service’s temporal patterns. This is precisely the methodology
that existing methods [19, 32, 48] employ. PANORAMA’s additional
value stems from RIDs and EBDs when correctly detected.

3.4 Predictive Autoscaling

After mining service dependencies, we introduce our model for
dynamic workload forecasting and resource provisioning, as shown
in Fig. 3. The architecture extends the principles of the Transformer
model [45] to leverage heterogeneous service dependencies and
handle multivariate time series data defined on a graph structure.
The model is trained and adapted using a meta-learning strategy.

3.4.1 Input Embedding. The input metric data X;_,41., € RNXEX?
are mapped into a D-dimensional embedding space. To enrich this
initial representation with microservice contextual information, we
incorporate both temporal and spatial positional encodings.

e Temporal Positional Encoding (TPE). To encode the se-
quential order within the historical window, a learnable posi-
tional representation TPE; € RP corresponding to time step
t’ € [t — v + 1,¢] is injected. This encoding explicitly captures
the chronological position of each observation sequence.

o Spatial Positional Encoding (SPE). To capture the dynamic
topological features of microservices, we introduce a spatial
positional encoding SPE; € RP for each service v;. It leverages
the spectral properties of the invocation graph formed by the
DIDs at time ¢, reflecting the microservices’ real-time inter-
action patterns and traffic flow. Let A, denote the adjacency
matrix representing DIDs and 9D, represent its diagonal degree
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matrix where (Dy);; = 2 ;(Ar)ij. The Symmetric Normalized
Laplacian Lsym,; is computed using the identity matrix I as:

Loyme =1 - D72 A, D 1)

We extract the dynamic features ¢; € R¥ from the eigenvectors
associated with the k smallest non-trivial eigenvalues of L.
The final encoding SPE; is produced via a linear layer:

SPE; = (M/s¢l + bs (2)

where W, € RP*¥ and b, € RP constitute learnable weight
and bias parameters. This spectral approach effectively embeds
services into a continuous latent space where structural prox-
imity and topological pathways are structurally preserved. In
particular, SPE is constructed solely from the DID graph, exclud-
ing RIDs and EBDs. The invocation topology captured by DIDs
evolves relatively slow, so its Laplacian eigendecomposition
provides a stable spatial reference frame across time steps. In
contrast, RIDs shift with pod rescheduling and EBDs vary with
workload intensity and request mix. Including these volatile
edges would cause positional encodings to drift between con-
secutive steps, undermining SPE’s stability as a structural an-
chor. The hybrid attention mechanism (Sec. 3.4.2), which re-
computes dependency-specific attention scores at each time
step, is better suited for capturing these dynamic dependencies.

Let ef' € RP denote the foundational D-dimensional representa-
tion of the raw features xl.’/ after linear projection. The final input
embedding for service v; at time step ¢’ integrates the temporal and
spatial insights through element-wise addition:

W' = ¢! + TPE, + SPE; 3)

These aggregated embeddings form the primary input tensor H(*) ¢
RNXDXT for the subsequent encoder layers.

3.4.2  Encoder Layers. PANORAMA’s prediction model uses K identi-
cal encoder layers. Each layer takes the output of the previous layer
H =1 and produces H V) via a Hybrid Dependency-Temporal Self-
Attention mechanism and a position-wise Feed-Forward Network
(FFN), interspersed with normalization and residual connections.
Hybrid Dependency-Temporal Self-Attention. The core of
each encoder layer is a self-attention mechanism that decouples the
standard global attention into independent heads: one for temporal
attention and three for the attentions of different dependency types.
This enables PANORAMA to capture the complex semantic relation-
ships across these four dimensions. For a dependency attention
head A" focusing on dependency type k (x € {did, rid, ebd}), the
input H € RN*PXT is projected into Queries (Q">"), Keys (K1),
and Values (V")) for head h. Attention scores between nodes i
and j at time ¢’ are computed as:
(k) gt (kh)
e B R @
ij \/lTh
where Dy, is the dimension of a single head. A dependency-based
masking is applied such that 0‘:, ;.(K’h) =
dependency. The masked scores are normalized via softmax to ob-
tain attention weights @">"). This mechanism enables a service to
disregard unrelated services and concentrate on dependent ones.
Thus, the model can use the discrete dependency matrix to quantify

—oo if AE;) indicates no
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the actual strength of these dependencies, which is represented by
the attention scores . These scores facilitates the enhancement of
the model’s capacity for effective and informed resource manage-
ment decisions, underpinned by dynamic quantitative dependency
information. The output for this head is the weighted sum of values:

N
Oit’(K,h) — Z &z'j(&h)(vjt'('c,h) (5)
j=1

Temporal attention heads operate similarly but compute atten-
tion scores across the 7 dimension for each node i. The outputs
from all heads are concatenated and linearly transformed.

False Positive Filtering via Learned Attention. The hybrid
attention mechanism inherently defends against false positives
from the mining stage. Spurious dependencies in A®) may pass
the structural mask, but their dot-product scores remain low (com-
pared to genuine dependencies) due to absent consistent temporal
or performance correlations, yielding near-zero attention weights
@®h) after softmax normalization. Per-type attention heads further
isolate false positives to prevent cross-type contamination. Dur-
ing training, the L1 loss (Eq. 6) penalizes attention to non-causal
dependencies, reinforcing this suppression. Together, structural
masking, data-driven attention weighting, per-type head isolation,
and training-time optimization effectively neutralize false positives.

Feed-Forward Network and Residual Connections. Follow-
ing the attention mechanism, each encoder layer includes a position-
wise FFN. To mitigate vanishing gradients and enhance training
stability, residual connections [18] are integrated with layer normal-
ization around both sub-layers. Additionally, stochastic depth [21]
is employed as a regularization technique to prevent overfitting
and enhance the model’s generalization performance.

3.4.3 Multi-scale Feature Aggregation and Output. The outputs
of all encoder layers are aggregated via residual connections to
capture multi-scale features. The final aggregated representation
is processed by a series of linear layers to produce the predicted
resource demand for each service at time ¢ + 1. We optimize our
model by minimizing the L1 loss between the predicted demand
vector Y'*! € RY| and the ground-truth demand vector Y/¥! €
RI;]O. The loss function is defined as:

L(yt+l ~—‘/tt+1) — |yt+l

~ Yite| ©)
The ground-truth demand vector Y/'*! is derived retrospectively

using the standard K8s HPA scaling formula [25]: yi}1. = [r] -

¢! / ctarget 1, where r! is the current replica count of service v;, ¢!
is its observed average CPU utilization, and ctarget is the target uti-
lization threshold (set to 70% in this work). This heuristic is widely

used in production systems and prior autoscaling research [32, 46].

Because optimal resource demand cannot be measured directly in a
live system, we adopt this formula as the ground-truth label. It natu-
rally captures both scaling directions: when cf < Crarget, the service
is under-utilized and the formula yields {1} . < r{, signaling that
fewer replicas suffice; when cf > Ctarget, it yields yf’frlue > rit , signal-
ing that more replicas are needed. This frames demand prediction as
a well-defined optimization goal, computing the ideal replica count
that maintains the target utilization given the observed load. In the
resource orchestration phase, the prediction vector, Y 1 ¢ RQ’O,
directly serves as the forecasted demand for all services.

3.4.4 Meta-learning for Model Adaptation. Microservice environ-
ments are inherently dynamic and uncertain. Continuous shifts
in workload patterns and evolving dependencies can cause distri-
butional drift from training data, degrading prediction accuracy.
Traditional approaches typically address this issue by retraining the
model on newly observed data, which can incur prohibitive time and
maintenance costs. To equip PANORAMA with robust adaptability, we
design a meta-learning paradigm based on Model-Agnostic Meta-
Learning (MAML) [12, 51, 53], where we introduce the concept of
workload periods as the core units for task division. A new workload
period, i.e., a meta-learning task, is identified when the computed
dissimilarity between consecutive segments of workloads (DTW)
or dependencies (Jaccard similarity) exceeds a predefined thresh-
old A. A is set to the 95th percentile of the dissimilarities observed
across consecutive segments during the training phase, serving as
a breakpoint between normal within-period variation and genuine
distributional shift. Each task encapsulates a particular operational
scenario defined by request rate fluctuations, service interaction
patterns, and underlying resource contention. In each workload
period, the data collected are used to perform an adaptation step,
fine-tuning the predictive model for the current operational context.
Unlike conventional fine-tuning or full retraining, MAML meta-
trains parameters across diverse tasks, yielding base weights suited
for rapid adaptation. Upon detecting drift, PANORAMA adapts with
only a few gradient steps on limited recent data, starting from
near task-optimal parameters. Two contextual elements provide
task- specific information: spatial positional encoding (Sec. 3.4.1),
capturing current invocation patterns, and real-time dependencies,
integrated as structural priors through the attention mechanism.

3.5 Resource Orchestration

The final phase executes resource provisioning decisions. A key
challenge is to prevent system oscillations, where overly frequent
resource adjustments can trigger unnecessary scale-up and scale-
down events, leading to instability and resource waste. Thus, we
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implement two smoothing mechanisms. First, we establish a mini-
mum time interval 7 (six minutes) between consecutive scaling op-
erations. Second, we make scaling decisions by averaging predicted
value over a future time window to smooth out minor fluctuations.

An online scheduling component takes the predicted resource
demands, incorporates potential static policies or constraints (e.g.,
min/max instance limits, deployment quotas), and adjusts per-
service replica counts via K8s client APIs by modifying the corre-
sponding Deployment objects, ensuring uniform resource specifi-
cations across all instances. This orchestration guarantees uniform
allocation across replicas while dynamically adjusting aggregate
processing capacity. Upon receiving the updated replica targets,
the K8s control plane automatically provisions or terminates Pods
across available worker nodes. This continuous adjustment recon-
figures the runtime topology and compute capacity of the targeted
services. These infrastructural modifications close the autonomous
autoscaling loop. The resulting shifts in system state and opera-
tional metrics are subsequently captured by the performance moni-
toring phase to drive the next optimization cycle.

4 Experimental Evaluation

In this section, we conduct experiments to evaluate the performance
of PANORAMA, aiming to answer the following questions:

e RQ1: How effective is PANORAMA in autoscaling?

e RQ2: How adaptive is PANORAMA in autoscaling?

o RQ3: Are latent dependencies useful for autoscaling?

e RQ4: What is the performance overhead of PANORAMA?

4.1 Experimental Settings

4.1.1  Benchmark Microservices. The evaluation is conducted using
four representative microservice benchmarks that exhibit character-
istics of interactive and responsive applications. They use a variety
of programming languages and frameworks (e.g., C#, Java, Python),
which are widely used in microservice-related research [10, 27, 55]
and provide diverse structural and workload complexities.

e Online Boutique [15] represents a cloud-native e-commerce
prototype designed to showcase K8s and gRPC interactions. It
models standard online retail operations such as merchandise
browsing, cart management, and checkout workflows.

Social Network [14] features unidirectional follow relations and
multiple services communicating via Apache Thrift RPCs. It
supports complex user interactions like multimedia posts and
timeline reads. The resulting complex service chains and di-
verse workloads make it highly suitable for scalability analysis.
Hotel Reservation [14] implements a hotel reservation service
built using Go and gRPC. It simulates user interactions involv-
ing transactional operations, e.g., hotel querying, recommenda-
tion. It involves interactions between multiple services to fulfill
these user requests, making it a suitable testbed for autoscaling.
o Train Ticket [59] is a railway ticketing application comprising

41 microservices. These services are responsible for a wide

array of functionalities, including user authentication, ticket

booking, payment processing, and notification. Its extreme
scale and functional density create an exceptionally challenging
environment for system-wide optimization algorithms.

4.1.2  Workload Generation. To ensure our evaluation reflects re-
alistic production conditions, we model workload intensity using
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Figure 4: Production Traffic from Alibaba’s Traces

a public microservice trace dataset from Alibaba [30], which pro-
vide minute-level aggregate request rates per service interface. As
shown in Fig. 4, the full workload spans 6.25 hours with 4,500
data points. We employ Locust [29], an asynchronous workload
generator, to replay the traffic profile. Each data point, represent-
ing a target requests-per-second (rps) value, is used by Locust to
govern the request generation for a five-second interval. At each
second, Locust randomly invokes various service APIs based on
the target rps. The profile is split into a 5-hour training phase and a
subsequent 1.25-hour evaluation phase. The training traffic exhibits
clear periodic patterns and wide rps fluctuations, including sudden
spikes and sharp drops that stress the autoscaler’s responsiveness.
The evaluation traffic begins with a relatively stable period of mi-
nor fluctuations, followed by a distinct upward trend in request
rate. This workload profile thus presents a challenging scenario for
assessing the adaptive capabilities of autoscaling mechanisms.

4.1.3  Evaluation Metrics. To validate the performance of different
autoscalers, we use instance count and response time as the evalua-
tion metrics, which represent the fundamental trade-off between
resource cost and service performance. Instance count directly re-
flects resource consumption and cost, while response time is the
most critical QoS/SLA indicator of service performance that impacts
user experience. For robust and reliable comparison, we evaluate
methods based on the average instance count (AIC) and the average
response time (ART) observed over the experimental period.
Besides the trade-off between performance and cost, understand-
ing the efficiency of resource usage and compliance with SLA con-
straints is equally important. Thus, we also measure CPU utilization
of service instances and p95 response time during experiments. A
higher average CPU utilization (without degrading performance)
generally indicates more efficient resource usage and helps avoid
resource over-provisioning. The p95 response time refers to the
95th percentile of response time among all requests. As a high-
end latency metric, it captures system tail performance and is less
susceptible to outliers compared to the maximum response time.

4.1.4 Baseline Methods. We compare PANORAMA’s performance
against several state-of-the-art methods, which represent diverse
autoscaling paradigms.

e Horizontal Pod Autoscaling (HPA) [25] is the built-in autoscaler
of K8s and a widely-used rule-based approach. It monitors
per-service CPU utilization and adjusts the replica count to
maintain a target threshold. While simple and robust, HPA
operates on a per-service basis and cannot capture inter-service
dependencies or anticipate workload propagation.

o DeepScaler [32] is an autoscaling approach based on deep learn-
ing. It uses spatiotemporal graph neural networks and adaptive
graph learning to capture service dependencies and accurately
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Figure 5: Autoscaling Performance of Different Approaches

estimate resource needs for simultaneous scaling actions. It
represents a state-of-the-art approach leveraging dependency-
aware modeling for microservice resource management.

e FIRM [39] is a reinforcement learning (RL)-based approach that
learns to adjust resources based on feedback. It finds services
with abnormal response times via anomaly detection and ad-
justs multiple resources for the service through RL iterations,
aiming to learn effective scaling policies from experience.

o AWARE [40] is another RL-based approach designed for cloud
systems. It features rapid online learning mechanisms alongside
a safe bootstrapping strategy to guarantee stable performance
during both initial exploration and online serving phases.

4.1.5 Experimental Configuration. We conduct experiments on a
12-node K8s cluster. Each node is a VM with 8 dedicated vCPUs,
32 GB memory, and Ubuntu 22.04 LTS, distributed evenly across 6
physical hosts. Services are deployed as standard K8s Deployments
with default topologies, monitored via Prometheus for metrics and
Jaeger for distributed tracing, and operate under the K8s "burstable”
QoS class with standard cgroup isolation. We avoid strict hardware
partitioning to simulate realistic shared production environments.
This setting intentionally preserves the “noisy neighbor” contention
to validate PANORAMA’s explicit modeling of resource interference.

4.2 Experimental Results

4.2.1 The Effectiveness of PANORAMA (RQ1). We evaluate all ap-
proaches across the benchmarks and measure service ART and
AIC. As Fig. 5 shows, PANORAMA consistently achieves the best
overall performance. On Online Boutique, it delivers the lowest
ART (0.025 s) and AIC (1.38), using significantly fewer resources
than all baselines (e.g., 4.12 AIC for HPA). On Social Network,
PaNorAaMA yields an ART (0.069 s) comparable to HPA (0.069 s)
while maintaining the lowest AIC (2.16 vs. 2.87 for HPA). For Hotel
Reservation, HPA obtains the lowest ART (0.107 s) via aggressive
over-provisioning (2.92 AIC); PANORAMA balances this trade-off
with 0.170 s ART and 1.56 AIC. Train Ticket, the most challenging
benchmark, highlights PANORAMA’s advantages most clearly, reduc-
ing ART from 3.57 s for HPA to 2.08 s and AIC from 4.74 to 1.51. To
assess stability, we repeat each experiment with three random seeds.
The boxplots display the resulting distributions, showing median,
interquartile range, and outliers. PANORAMA exhibits the smallest
variability across all benchmarks, with ART standard deviation
ranging from 0.002 to 0.115s (vs. 0.286 s for HPA and 0.220 s for
DeepScaler on Train Ticket) and AIC standard deviation from 0.063
to 0.095 (vs. 0.332 for HPA). PANORAMA achieves the best median
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ART on all benchmarks and the lowest median AIC on three, with
narrow interquartile ranges confirming stable, reproducible gains.

We also calculate CPU utilization to evaluate resource efficiency.
As Fig. 6 shows for two core Train Ticket services, PANORAMA main-
tains higher utilization than the strongest baseline DeepScaler for
most of the observation period, and consistently outperforms Deep-
Scaler on over 70% of Train Ticket’s microservices, demonstrating
superior resource efficiency. This shows its superior resource effi-
ciency in effectively leveraging allocated resources. Beyond CPU
utilization, we also measure the p95 response time of microservices,
as shown in Fig. 8. For the selected core business services of Train
Ticket, our method achieves lower p95 response times compared
to all baselines. This enhanced tail-latency performance can be
attributed to our method’s dynamic dependency awareness, which
enables timely and precise scale-out of critical services in response
to sudden load spikes, thereby effectively mitigating SLA violations.

4.2.2  The Adaptability of PANORAMA (RQ2). We evaluate all meth-
ods in a dynamic and changing setting, where the workloads are
not included in the training data. We select Train Ticket as our
benchmark due to its close resemblance to real-world microservice
deployments. For the workload, we select a set of complex request
scenarios designed to stress the system’s inter-service communica-
tion. This involves filtering for workload requests that flow through
three or more distinct services to focus on non-trivial execution
paths. Thus, the workload used represents a distinct workload pe-
riod (Sec. 3.4.4) that significantly deviates from the historical data.

As shown in Fig. 7, while HPA achieves marginally better ART
than PANORAMA, its AIC is approximately three times higher than
that of PANoramA. This stems from HPA’s reactive, per-service
scaling mechanism, which triggers aggressive scale-outs based
solely on local utilization thresholds without considering cross-
service dependencies or overall cluster efficiency. Among other
baselines, FIRM attains the lowest ART at higher instance cost,
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Table 1: Comparison of Different Adaptation Strategies

Model Variant | ART (s) | AIC
PANORAMA (MAML) 2.89 1.69
PanoraMA (Finetuning) 2.96 2.27

PanoraMA (No adaptation) 3.28 2.42
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Figure 8: P95 Response Time of Different Approaches

while PANORAMA strikes the best balance with competitive ART
and the fewest instances. RL-based methods (FIRM, AWARE) ben-
efit from their online learning and adaptation capacity, whereas
DeepScaler yields the highest ART, struggling with rapid workload
shifts. PANORAMA leverages RIDs and EBDs that capture the deep
operational logic between services. When combined with meta
learning, PANORAMA is able to effectively process and manage com-
plex workloads within highly dynamic microservice environments.
To isolate the contribution of meta learning, we conduct an
ablation comparing three adaptation strategies under the same
dynamic workload: (1) full PANORAMA with MAML-based adapta-
tion, (2) PANORAMA with standard fine-tuning from training-phase
weights rather than a meta-learned initialization, and (3) PANORAMA
without any adaptation, applying the training-phase model directly
to the unseen workload. As Table 1 shows, the no-adaptation vari-
ant exhibits the worst ART, as it cannot adjust to the distributional
shifts in test workloads. Standard fine-tuning improves but con-
verges slowly and requires more data to reach comparable accuracy.
MAML-based PANORAMA achieves the best ART with a much lower
AIC, as its meta-learned initialization enables rapid task-specific up-
dates with few gradient steps on limited recent data. This confirms
that meta learning delivers distinct, substantial adaptability gains
beyond dependency modeling and attention mechanisms alone.

4.2.3 The Usefulness of Latent Dependencies (RQ3). To validate
the utility of latent dependencies, we conduct an ablation study
on Train Ticket, which features the most intricate dependencies.
To assess the impact of the RIDs and EBDs, we configure differ-
ent variants of PANORAMA that omit them. As shown in Table 2,
“PANORAMA w/0 RID & EBD” achieves the best AIC (1.35), while
the full PANORAMA uses 6.7% more instances (1.44). However, this
marginal increase yields a substantial performance improvement:
without RIDs and EBDs, ART increases from 2.08 s to 3.14s, a 51%
degradation. This occurs because this variant can only react to
superficial scaling needs of services with explicit call dependencies,
overlooking other indirectly affected services that possess latent
dependencies. This leads to bottlenecks in these unaddressed ser-
vices, ultimately resulting in prolonged service response times and
compromised service quality. Other experiments with “PANORAMA
w/o RID” and “PANORAMA w/0 EBD” reveal similar performance
degradation patterns across both metrics.
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We further show the usefulness of RIDs and EBDs via a case
study on proactive bottleneck resolution. We focus on the RoutePlan
service of Train Ticket, which orchestrates intensive travel planning
computations and frequently becomes a bottleneck during traffic
surges. To eliminate the noise from mixed requests and trigger a
bottleneck at RoutePlan, we apply a dedicated, upward-trending
workload consisting exclusively of itinerary queries. We exclude
HPA due to its limitations in accurately considering resource utiliza-
tion and aggressive over-provisioning. Besides RoutePlan’s ART, we
also calculate its average response time of requests (ARTR) to mea-
sure the system’s end-to-end performance. The results are shown
in Table 3. Particularly, the response times are higher than typical
steady-state values since the system is intentionally initialized in a
resource-constrained state. The reported metrics include the initial
period of queue accumulation prior to autoscaler intervention. Once
scaled, the system stabilizes at normal millisecond-level latency.

PANORAMA consistently outperforms all baselines in both metrics.
During workload surge, PANOrRAMA uses RIDs and EBDs to identify
RoutePlan as a latent bottleneck, proactively scaling out RoutePlan
and other related services. Conversely, the baseline methods lack
this awareness and allocate additional instances to other services
that exhibit more direct load signals, such as the upstream services
that invoke RoutePlan. This leaves the root bottleneck unresolved.
Furthermore, the increased throughput from the scaled upstream
services overwhelms the unscaled RoutePlan, which severely exac-
erbates the bottleneck and degrades response times.

Having demonstrated the critical impact of dependencies, we
now evaluate the dependency mining capabilities of PANORAMA
against the leading method DeepScaler, which infers latent cor-
relations rather than explicitly modeling RIDs and EBDs. Fig. 9
shows dependency heatmaps for both methods on Train Ticket,
with each cell (i, j) quantifying the dependency strength between
service i and j. The comparison reveals a clear contrast in both the
completeness and interpretability of the discovered dependencies.
DeepScaler identifies DIDs and indirectly infers some RIDs from
correlated metrics, but largely misses EBDs, which are rooted in
workflow semantics and require execution-order understanding
beyond metric correlation. In contrast, PANORAMA’s explicit min-
ing process yields a far more comprehensive and semantically rich
dependency graph, which allows it to proactively anticipate and
mitigate performance degradation. Furthermore, these dependency
insights provide actionable diagnostics for system optimization.
For example, there are some dense columns in PANORAMA’s RID
heatmap, which identify services that act as resource hotspots. This
enables operators to perform targeted interventions, such as adjust-
ing resource allocations or re-scheduling services.

To quantitatively compare dependency discovery, we evaluate
binary existence (whether ground-truth edge is detected) rather
than dependency strength, because precise strength depends on
runtime factors such as instantaneous service load. We manually
establish ground-truth dependencies. DID ground truth is derived
from each application’s source code call graph. EBD ground truth
is obtained by analyzing workflow logic to identify execution or-
dering constraints. We do not evaluate RIDs because co-location
does not reliably imply resource interference; whether contention
actually occurs depends on workload intensity and cgroup con-
figurations, making ground truth difficult to establish. Across all
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Table 2: Performance of PANORAMA Variants

Model Variant ‘ ART (s) ‘ AIC
PaNorRAMA 2.08 1.44
PanoraMA w/o RID 2.95 1.43
Panorama w/o EBD 3.04 1.44

Panorama w/o RID & EBD 3.14 1.35
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Figure 9: Dependency Strength Comparison

benchmarks, PANOrRAMA detects all DIDs and >95% of EBDs via
its mechanism-specific mining of traces and workflow semantics.
DeepScaler reports a comparable number of DIDs but virtually
no EBDs, since its EM-based affinity refinement optimizes for pre-
diction error rather than dependency fidelity and cannot recover
workflow-level execution ordering from metric correlation alone.

4.24 The Overhead of PANORAMA (RQ4). PANORAMA's overhead is
a critical factor for practical deployment. We measure CPU usage
(in millicores), memory consumption, and execution time across its
four core operations: performance monitoring, dependency mining,
meta-learning, and resource orchestration. Table 4 shows the results.
Persistent background performance monitoring via Prometheus
and Jaeger consumes around 558 millicores of CPU and 936 MB of
memory. Dependency mining periodically uses telemetry data to
extract RIDs and EBDs, requiring 1,148 millicores of CPU and 668
MB of memory for about 21.5 seconds per run. For meta-learning,
initial offline meta-training on five hours of data (partitioned into 12
workload periods) takes roughly four hours as a one-time cost. Upon
detecting a distributional shift at runtime, PANORAMA adapts the
meta-learned base model via a few gradient steps on approximately
24 minutes of recent data. This adaptation consumes 970 millicores
of CPU and 4,355 MB of memory and completes in roughly 76.5
seconds. Finally, resource orchestration performs lightweight model
inference at each scaling interval, utilizing 1,711 millicores of CPU
and 300 MB of memory. The observed 20-second orchestration
time primarily results from our prototype serially issuing K8s API
calls for Train Ticket’s 41 microservices. A production deployment
would parallelize these calls to substantially reduce latency. Our
method demonstrates its practical significance by incurring modest
overhead, making it suitable for production deployment.

To quantify whether performance gains justify the operational
cost of PANORAMA, we compute an efficiency ratio: cluster-wide
CPU savings from reduced replicas divided by PANORAMA’s own
CPU consumption. On Train Ticket (41 microservices), PANORAMA
requires around 3 fewer replicas per service than HPA (Fig. 5).
At a per-instance CPU request of 100 millicores, this translates to
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Table 3: A Case Study on the RoutePlan Service

Method | ART (s) | ARTR (s)
PANORAMA 88.33 160.66
FIRM 114.87 183.60
AWARE 123.59 175.95
DeepScaler | 120.11 167.51

Table 4: The Operational Overhead of PANORAMA

Overhead

One-shot Operation

CPU (millicores) Mem (MB) Time (s)
Performance Monitoring 558 + 56 936 + 18 +00
Dependency Mining 1148 + 14 668 £7 21.5+1.0
Meta Learning 970 £ 56 4355+31 76.5+2.4
Resource Orchestration 1711 + 30 300 + 10 20+1.2

cluster-wide savings of ~3x41x100 = 12,300 millicores. PANORAMA
consumes 558 millicores for the continuously running monitoring
layer, plus (1148%21.5+970%76.5+1711%20) /360 = ~370 millicores
amortized from the six-minutes periodic dependency mining and
orchestration operations, for a total overhead of roughly 928 mil-
licores. This yields an efficiency ratio of 12,300/928 > 13:1. That is,
for every unit of CPU that PANORAMA consumes, it saves over an
order of magnitude more across the managed cluster.

4.3 Parameter Sensitivity

In this section, we evaluate the sensitivity of PANORAMA against
three key hyperparameters.

The historical window size 7 controls the temporal context for
resource demand prediction (Sec. 2.3). We evaluate 7 € {6, 12,24}
across all benchmarks. As shown in Fig. 10, 7 = 12 yields the best
trade-off: 7 = 6 provides too few steps to capture workload trends,
degrading ART, while r = 24 introduces noise from stale obser-
vations. In all cases, the variation remains modest, demonstrating
that PANORAMA is not overly sensitive to 7. This robustness stems
from the temporal attention heads, which learn to down-weight
irrelevant observations, and the meta-learning component, which
adjusts the model’s temporal focus when workload patterns shift.
We thus apply 7 = 12 across all benchmarks without per-application
tuning. Although characteristics such as request chain length and
traffic variability could in principle favor different window sizes, our
results indicate that these mechanisms provide sufficient flexibility.

For the workload period threshold A (Sec. 3.4.4), we vary the cal-
ibration percentile over g € {90, 95, 99}, recomputing the threshold
from the same training-phase dissimilarity distribution for each
q and repeating the RQ2 evaluation. Lower percentiles produce
more, shorter periods and hence more frequent adaptation, whereas
higher percentiles merge more adjacent segments and can delay
adaptation. Across the three settings, both ART and AIC vary by
less than 5% (with g = 95 achieving the best results), confirming
that PANORAMA is robust to the threshold choice within this range.

We also assess sensitivity to the scaling interval 5 (Sec. 3.5) by
varying it over {3, 6, 12, 24} minutes on Train Ticket. A shorter in-
terval enables more frequent adjustments, allowing the autoscaler
to react promptly to workload changes, but at the cost of increased
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resource overhead from more frequent scaling actions. A longer
interval reduces operational overhead but delays the system’s re-
sponse to rapid workload shifts. ART is nearly identical at 3 and
6 minutes (2.08 s), but AIC drops 17% from 1.82 to 1.51 at 6 min-
utes. Beyond 6 minutes, ART degrades noticeably (16% higher at
12 minutes, 36% higher at 24 minutes), while AIC decreases only
marginally (1.45 at 12 minutes, 1.40 at 24 minutes). The 6-minute
interval thus strikes the optimal balance between responsiveness
and stability, avoiding oscillatory behavior.

4.4 Threats to Validity

The primary threat to internal validity lies in the implementation of
our approach and the baselines. To mitigate this, we utilize author-
provided implementations for the baselines and perform code re-
views and testing of our own approach and experimental scripts.
Threats to external validity concern the generalizability of our
findings. We mitigate this by using diverse microservice applica-
tions with varying scales and architectures. The method’s adapt-
ability is further tested with different workloads on Train Ticket.
We also broaden our comparison by including both traditional
rule-based and learning-based baselines. Moreover, our evaluation
incorporates resource efficiency metrics like CPU utilization and
P95 response time, providing a more comprehensive evaluation.
Threats to construct validity relate to whether our evaluation
metrics accurately reflect the effectiveness of the approach. To
alleviate it, we conduct a case study for fine-grained analysis and use
visualization to show the effectiveness of the latent dependencies.

5 Related Work

5.1 Rule-based and Model-based Autoscaling

Rule-based autoscaling approaches, exemplified by K8s HPA [25]
and commercial services like AWS Auto Scaling [1], Azure Au-
toscale [2], and Google Cloud Load Balancing [16], operate through
predefined threshold-based mechanisms. While simple and widely
adopted, these methods are reactive, treat services in isolation, and
often struggle with the dynamic nature of microservice workloads.

Model-based approaches advance beyond thresholds by estab-
lishing mathematical relationships between workload and resource
requirements, including queuing theory models [23, 44], time series
models like ARMA [35], and workload prediction methods such as
CloudScale [42] (FFT), AGILE [34] (wavelet transforms), and Au-
topilot [41] (exponential smoothing). However, these approaches
often rely on strong assumptions about workload distributions and
typically do not capture inter-service dependencies.

ASE °26, October 12-16, 2026, Munich, Germany

5.2 Deep Learning-based Autoscaling

Recent studies leverage deep learning techniques for more sophisti-
cated, dependency-aware autoscaling. A prominent line of research
utilizes Graph Neural Networks (GNNs) to model spatiotemporal
relationships between microservices [19, 32]. For instance, Deep-
Scaler [32] employs a spatiotemporal GNN with adaptive graph
learning, iteratively refining an “affinity matrix” from the direct
invocation graph to capture latent statistical correlations. Other
GNN-based frameworks integrate system state into spatio-temporal
GNNs [31] or focus on proactive allocation for tail latency SLOs [36].
While these methods move beyond static call graphs, the depen-
dencies they learn are often black-box correlations lacking clear
physical or logical semantics, making root cause diagnosis difficult.

Another category captures system dynamics without an explicit
graph structure. For example, Sinan [57] treats the collective service
state as an “image” and uses a Convolutional Neural Network (CNN)
to learn mappings from resource allocations to QoS. RL-based ap-
proaches, such as FIRM [39], AWARE [40], and MTS-PPO [20], learn
scaling policies from environmental feedback. They are powerful
but treat the system as a black box, with dependency understanding
implicitly encoded in the learned policy or value function.

While these approaches have improved autoscaling, their de-
pendency modeling relies on opaque correlations seeded by direct
invocations [32, 47], without distinguishing between fundamen-
tally different interaction mechanisms. For instance, DeepScaler’s
EM-based affinity refinement optimizes for prediction error rather
than dependency fidelity, so the resulting matrix conflates genuine
dependencies with spurious correlations and cannot distinguish
their underlying mechanisms. PANORAMA advances this by moving
from implicit correlation learning to explicit dependency modeling.
Our core contribution is the systematic formulation and mining of
two latent dependency categories: resource interference dependen-
cies, grounded in the physical deployment topology, and execution
blocking dependencies, grounded in logical workflow semantics.

6 Conclusion

We present PANORAMA, a microservice autoscaling framework that
addresses fundamental limitations in current approaches by explic-
itly modeling latent dependencies beyond direct service invocations.
Our key contribution lies in the systematic formulation and inte-
gration of resource interference dependencies (RIDs) and execution
blocking dependencies (EBDs), which capture critical yet previously
invisible performance interactions in microservices. PANORAMA em-
ploys hybrid attention mechanisms and meta-learning adaptation,
operating as a closed-loop control system, enabling more accurate
workload forecasting and proactive resource allocations. Extensive
evaluation validates the effectiveness of PANORAMA, which shows
superior performance compared to state-of-the-art baselines.
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