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Abstract
Datacenter applications increasingly exhibit fine-grained
workload heterogeneity, driven by microservice architec-
tures, datacenter “tax” operations, and diverse intra-service
components. These factors lead to rapidly shifting execu-
tion phases with distinct and short-lived resource demands,
which are difficult for static or hand-tuned resource man-
agement techniques to capture. In this paper, we present
lightweight AI techniques for phase-aware resource manage-
ment in heterogeneous-core server architectures. We char-
acterize phase-level heterogeneity across representative dat-
acenter workloads and show that simple threshold-based
predictors struggle under fine-grained and noisy execution
behavior. We then evaluate several low-cost machine learn-
ing approaches for online phase prediction and identify ran-
dom forests as a promising design point, balancing accuracy,
robustness, and inference overhead. We leverage the phase
predictor to design a heterogeneous-core server architecture
to improve Performance/Watt in datacenters while maintain-
ing application transparency and ease of programming.

1 Introduction
Modern datacenter applications adopt a microservice archi-
tecture, decomposing monolithic logic into smaller, indepen-
dently deployable services. This design improves modularity
and manageability and is widely used by major IT compa-
nies [2, 8, 11, 24, 40–42]. As each microservice within an
application displays unique compute, memory, and network
requirements, they also demand different micro-architectural
configurations for efficient execution. For performance, mul-
tiple microservices from the same application are often co-
located on a single server.
Furthermore, microservice interconnections and increas-

ing service complexity add intra-application heterogeneity.
In particular, applications incur many “datacenter tax” op-
erations (e.g., compression and serialization) to connect mi-
croservices, each with distinct resource requirements. As
services grow more complex, they also exhibit greater oper-
ational diversity within a single service.

For example, Figure 1 shows an Ad-serving workload [26]
composed of 4microservices:Nginx (front-end service),Main

Service (application-specific computation), Memcached (in-
memory caching), and MySQL (storage service). These ser-
vices are connected by “tax” operations such as (de)serialization
and (de)compression. In addition, within theMain Service, Ptr-
Chase first fetches data with memory-bound pointer chasing
operations and then performs compute intensive operations
on the data (e.g., GEMM [32]).

Overall, these three sources (microservices, datacenter tax
operations, and individual operations within a service) create
a high-level of heterogeneity within a single application.

Main Service
Nginx

Memcached

MySQL
PtrChase GEMM

(De)Ser

(De)Cmp

(De)Cmp

Figure 1.Ad-serving application composed of microservices,
datacenter tax operations, and distinct operations within a
service; each with distinct resource demands.

This workload heterogeneity is hard to analyze and exploit.
First, microservice request rapidly shifts among 𝜇s-scale ser-
vices with different resource needs, while other components
(e.g., datacenter tax operations) occur at even finer time
scales. We refer to these temporally stable intervals with
distinct resource demands as phases: periods of relatively
consistent behavior separated by abrupt transitions.
Second, the degree and mix of phases also vary widely

across applications, which—together with their short life-
times—makes static, hand-tuned analyses and optimizations
ill-suited to capture the relevant trade-offs [6, 22, 44].
The heterogeneity matters because homogeneous, one-

size-fits-all servers cannot be simultaneously well-matched
to all phases: provisioning and tuning for compute-heavy
phases wastes energy during stall-dominated phases, while
tuning for efficiency can under-serve latency-critical com-
pute phases. Heterogeneous servers could better match hard-
ware resources to phase demands, but doing so requires a
highly dynamic and application-transparent way to identify
phases online and adapt execution accordingly.
To address this challenge, we propose a lightweight AI–

driven phase prediction mechanism designed explicitly for
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low overhead and rapid adaptation. Our system uses simple
yet effective machine learning models, such as reinforcement
learning and random forests, to infer execution phases from
application agnostic hardware signals (e.g., cache misses,
memory bandwidth, and system calls). To minimize latency
and overhead, this predictor is implemented in hardware,
enabling transparent, sub-millisecond phase awareness with-
out requiring any changes to application code.
We then leverage this phase predictor to drive resource

management in a heterogeneous, chiplet-based server archi-
tecture designed for next-generation datacenters. The server
integrates multiple specialized chiplets, each optimized for
a dominant class of execution phases—compute-intensive,
memory-heavy, network-sensitive, or low-load. By dynam-
ically classifying the current execution phase and steering
threads to the chiplet best matched to its resource demands,
the system aligns hardware capabilities with fine-grained
workload heterogeneity, enabling both higher performance
and improved resource efficiency without any code changes.

In summary, this work presents:
• Characterization of the phase-based execution hetero-
geneity in modern datacenter workloads.

• Analysis of the effectiveness of AI-driven approaches
for phase prediction.

• A heterogeneous chiplet-based server design to dy-
namically match execution phases to best hardware.

2 Motivation
To understand the behavior of datacenter applications, we
characterize the fine-grained phases in datacenter workloads
running on standard datacenter hardware.
Experimental Setup.We run our analysis on an Intel Emer-
ald Rapids server [16] with 28 2-way SMT cores at 3GHz.
We use cpu-freq-utils to scale CPU frequency, and Intel’s
CAT [13] to control memory bandwidth and cache capac-
ity. We useperf to collect metrics that capture utilization
across key resource domains. We measure instructions per
cycle (IPC), types of executed instructions, and frequency of
branch misses to characterize compute phases, cache misses
and memory bandwidth for memory phases, and I/O band-
width and network system calls for network phases.

We use DCPerf [39], an open-source suite of applications
that mimics Meta’s services. This includes web services
(Mediawiki, Django), object ranking (Feedsim), data caching
(TaoBench), and CPU-based ML inference (Adsim).

To understand the fine-grained, varying behavior across
these datacenter applications, Figure 2 inspects their IPC over
time. High IPC indicates compute-intensive phases while low
IPC indicates phases stalled by memory or network. First,
we see ms-scale alternations between high- and low-IPC
regions across workloads, even under stable input traffic.
This repeated fluctuation in IPC points to rapid shifts in
execution phases with unique resource demands. Second,
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Figure 2. IPC over time for different DCPerf workloads:
FeedSim, AdSim, and TaoBench.

we observe variation in both the magnitude of phase-level
resource demand differences and the duration of recurring
phase cycles. A higher level of disparity can be found in
additional IPC over time graphs in the Appendix A.

This observation raises a question: what drives such rapid
and diverse phase behavior in datacenter workloads? To this
end, we characterize three sources of phase heterogeneity: (1)
the microservice architecture, (2) the datacenter tax opera-
tions, and (3) internal sub-operations within a single service.

2.1 Heterogeneity in Microservices
Figure 3 focuses on execution classes across the microser-
vices in a web-serving application [27]. HHVM service, the
PHP execution server, exhibits high IPC and moderate cache
activity, indicative of compute-intensive behavior. Memory
services such as Memcached and MySQL show lower IPC
but high LLC MPKI, reflecting their memory-bound nature.
Nginx, the front-end web server, has moderate IPC but dom-
inates in I/O bandwidth and the rate of networking system
calls, making it representative of network-bound behavior.
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Figure 3. Normalized architectural metrics across different
microservices within a web-serving application.

2.2 Heterogeneity in Datacenter Tax Operations
Datacenter tax operations: (De)Compression, (De)Serialization,
(De)Encryption, and Memcpy follow similar heterogeneous
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trends. (De)Encryption has the highest IPC with minimal
branch misses, representative of its compute intensive be-
havior. Memcpy has the lowest IPC and significantly higher
last-level cache (LLC) misses, in-line with its high memory
traffic. (De)Compression and (De)Serialization fall between
these extremes, displaying moderate IPC and LLC misses,
reflecting mixed compute and memory bottlenecks.

2.3 Heterogeneity across Internal Components
We perform a sensitivity study of microarchitectural re-
sources (e.g. core frequency, memory bandwidth, L2 capacity)
across four representative intra-service operations. Ranking
is a compute-intensive page-rank algorithm, PtrChase fetches
data from a hash table via pointer chasing, GEMM aids in
ML inference based Ad-serving, and DeepCopy performs a
deep copy of output tensors from GEMM.
Figure 4 shows the scaling with core frequency across

these components. Compute intensive GEMM and Ranking
show high performance degradation at lower frequencies,
while the other memory-centric operations are more lenient.
When scaling memory bandwidth, DeepCopy suffers a 50%
performance drop at 80% bandwidth capacity, while other
operations are not as sensitive to this resource. Similarly,
when scaling L2 capacity, only PtrChase suffers a 25% per-
formance drop from 2MB to 1MB cache capacity, pointing
to the memory-latency boundedness of pointer chasing.
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Figure 4. Scaling CPU frequency from 3GHz to 1GHz.

3 Lightweight AI for Phase Prediction
Our analysis shows that datacenter applications exhibit rapidly-
shifting, fine-grained heterogeneous phases. Moreover, we
see that this phase behavior is not uniform across applica-
tions. There is a high variation in how extreme resource-
demand differences are across phases, and also in the length
of the phases’ repetitive execution cycles.
These challenges make it infeasible for profile-guided

static analysis tools to accurately predict the phase of an
executing thread. We confirm this limitation in a Threshold-
based approach to phase prediction. This method creates a
chain of conditionals on hand-optimized thresholds on pro-
filing data points. For example, a task exhibiting high IPC
with low networking calls and moderate cache activity is
likely to be a compute-intensive task.

The accuracy of Threshold-based predictionwas low, falling
below 75% accuracy and even reaching 38% on fine-grained
workloads. This indicates that there are nuanced behaviors
that are hard to target statically by-hand.

Thus, we look to various AI-driven approaches to provide
stronger reasoning ability. Unsupervised learning methods,
namely clustering techniques such as K-Means, K-Medoids,
HDBScan, and Hidden Markov Models (HMMs) group simi-
lar data points in feature space, capturing temporal or density-
based patterns. Reinforcement learning (RL) models, includ-
ing Multi-Armed Bandits and Contextual Bandits treat phase
prediction as an action and accuracy as a reward to itera-
tively improve their phase selection. Random Forest, another
machine learning approach, combines multiple pre-trained
decision trees to produce a consensus prediction.
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Figure 5. Accuracy of Different Phase Predictors.

Each of these approaches are provided with application
agnostic features (e.g. IPC, cache, TLB, and branchmiss rates),
allowing the predictor to be entirely transparent to the appli-
cation. When evaluating each approach, we consider three
main requirements: (1) high accuracy in finding correlations
between phases and features, (2) high tolerance against noise
from a wide array of features, and (3) low cost prediction
that does not stall execution of the workload.

Before proceeding, we note that requirement (3) disallows
more complex AI approaches (e.g. transformer models), as it
is infeasible to implement these methods efficiently.
Figure 5 shows the accuracy of the various approaches

when applied on an Ad-serving applications [26] that dis-
plays fine-grained requests. We see that all approaches be-
sides Random Forests show accuracies that fall below 80%.
Clustering approaches suffer from noise across features that
are important in one cluster but not to others. Multi-Armed
Bandits is distribution-driven and thus fails to capture rela-
tionships between phases and features. Contextual Bandits
also falls short to noise across features.

Hence, we select the Random Forests (RF) for our Predictor
Module. To avoid software overheads (e.g., interrupting the
CPU), we implement a RF predictor in hardware, where prior
work has shown it can be efficiently implemented [7].

Feature 
Sampler

HW Counters + Syscalls

Feature 
Buffer

Traversal 
EngineVoting Unit

Decision Storage

Random 
Forest 
Trees

Phase Prediction

Figure 6.Microarchitecture of the Random Forest Predictor.
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Figure 6 shows themicroarchitecture of the RandomForest-
based Predictor Module. The decision trees are trained offline
using labeled data collected by sampling various microbench-
marks [28] and are stored in a compact SRAM structure called
the Decision Storage. Each entry encodes a node, which com-
pactly stores a feature ID (e.g. a label for each feature includ-
ing IPC), threshold value, and the left and right child nodes.
At runtime, the feature sampler collects data from counters
and stores them in a feature buffer. At the end of every epoch
(100𝜇s), the traversal engine reads both the collected features
and each pre-trained decision trees. Starting at the root node,
it iteratively compares the selected feature value with the
stored threshold, until it reaches a leaf. These results are ag-
gregated by the voting unit, which outputs a single majority
consensus prediction across the decision trees.
Overhead. Based on sensitivity studies, we use 15 decision
trees of depth 5 that read from a collection of 15 features.
Thus, we keep the storage requirement per predictor to less
than 8𝐾𝐵 (a conservativemeasurement) and cost of inference
to 75 comparisons, or less than 100 cycles. Importantly, all of
this computation happens off the application’s critical path.

4 Heterogeneous Server Design
The Predictor Module allows the system to know the ex-
act resource demands of the executing task. To exploit this,
we introduce a heterogeneous-core server that provides the
optimal execution environment for each phase. Figure 7 il-
lustrates how we envision this proposal in hardware. The
server is decomposed into a set of heterogeneous chiplets,
each tuned to a specific execution class. A compute-optimized
chiplet uses high-frequency, wide-issue cores. A memory-
optimized chiplet pairs medium-sized cores with highermem-
ory bandwidth (e.g., via additional or higher-performance
memory channels [4]). A network-optimized chiplet com-
bines medium-sized cores with integrated NICs to reduce
networking latency and avoid PCIe overhead. Finally, an
efficiency-optimized chiplet uses smaller, low-power cores to
handle light-load phases with minimal energy overhead.
By matching core complexity and local resources to the

computational intensity and bottlenecks of each execution
class, the design delivers specialization and efficiency while
still presenting a clean, general-purpose server abstraction.
Moreover, as each core is now provisioned only with the
resources it truly needs, rather than all possible capabilities,
its area shrinks, enabling many more specialized cores to fit
within the same silicon budget.

5 Proposed Evaluation and Related Work
Evaluation.We plan to evaluate our work with extensive
simulation with the SST simulator [31] connected to DRAM-
Sim3 [23]. We will use QEMU [35] to collect both user- and
kernel-space instruction traces to provide to the simulator.
We focus on two main metrics: tail latency and performance

Server Design
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MEM

MEM

MEM

Efficiency Optimized Chiplet Compute Optimized Chiplet

Network Optimized Chiplet Memory Optimized Chiplet

Phase 
Pred

Phase 
Pred

Phase 
Pred

Phase 
Pred

Figure 7. High-level architecture of proposed server

per watt, where performance is themaximum queries per sec-
ond (QPS) rate for a given service-level objective (SLO). For
the evaluationworkload, we use DCPerf [39], an open-source
benchmark suite that emulates production-grade datacenter
workloads. Early results are shown in Appendix B.
RelatedWork. Prior work on phase detection has largely fo-
cused on traditional single- and multi-threaded applications,
using instruction working sets, control-flow patterns, and
event-counter behavior to identify coarse-grained phases
and drive optimizations in caching, power management, and
memory hierarchies [6, 25, 33, 34]). Separately, heterogeneous-
core designs (e.g., ARMbig.LITTLE) exploit perf-power trade-
offs by scheduling threads across fast and slow cores, via
OS policies or hardware heuristics that operate at relatively
coarse granularity and are not explicitly phase-aware [3, 9,
21, 30]. More recent datacenter-focused architectures and
“datacenter tax” accelerators improve efficiency by special-
izing cores or offloading recurring functions, but they gen-
erally target particular bottlenecks rather than dynamically
adapting to rapidly shifting execution behavior [1, 5, 10, 12,
14, 15, 17–20, 29, 36–38, 43]. In contrast, targets datacenter
workloads with fine-grained, ms-scale phase changes, pro-
viding application-transparent, online in-hardware phase
prediction and migration across heterogeneous chiplets to
improve Perf/Watt, and is complementary to both specialized
core designs and accelerator-based approaches.

6 Conclusion and Future Work
This paper introduced an AI-driven solution that aligns hard-
ware specialization with fine-grained execution phases of
datacenter workloads. Looking further, we envision a com-
plete system that includes a benefit-aware migration runtime
that takes in the predicted phases and load on a given re-
source to dynamically determine whether to move a phase
to a new core. Moreover, the system can be extended to
include more sources of hardware heterogeneity, by incor-
porating chiplets with a diverse set of accelerators (e.g. GPU,
domain-specific accelerators for tax operations). We believe
our work will pave the road for AI-driven heterogeneous
resource management in the cloud, pushing the boundaries
of performance and efficiency in modern datacenters.
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Figure 8. IPC over time for additional DCPerf workloads:
Django and Mediawiki.

B Early Evaluation Results
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Figure 9. P99 tail latency across DCPerf applications at dif-
ferent loads (Low, Medium, and High, corresponding to the
25%, 50%, and 75% of the baseline server CPU utilization).
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