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Abstract—Dynamic policy arbitration is fundamental to mod-
ern CPUs, as no single policy performs optimally across diverse
workload domains. Set Dueling (SD) is widely used, both in
academia and industry, to select between competing policies at
runtime, but relies on a global, context-oblivious counter to make
decisions, ignoring richer correlations based on execution context
such as control and data flow information.

This work proposes Context-Aware Set Dueling (CASD), a
framework that elevates SD to a context-aware, policy-agnostic
mechanism for fine-grained policy arbitration at runtime.
CASD retrofits contextual learning into context-oblivious SD: a
lightweight predictive logic learns correlations between execution
context and policy effectiveness, anticipating recurring behavior
rather than reacting to slow global counter shifts. This allows
accurate, fine-grained adaptation even within a single execution
phase, while preserving SD’s low-overhead training methodology.
More broadly, CASD transforms any microarchitectural scheme
that uses context-oblivious policy arbitration into a context-aware
one, without modifying the underlying policies.

To demonstrate the benefits of CASD, we design DuelCeptron,
a CASD prototype that uses perceptron learning to correlate
contextual information with policy effectiveness. We evaluate Du-
elCeptron on three SD applications, showing that it consistently
outperforms conventional SD with minimal storage overhead
across a large and diverse set of workloads. For example, in
the case study on cache replacement, DuelCeptron outperforms
SD on recently disclosed Google benchmarks by 2.4% (train set)
and 2.9% (test set).

Index Terms—cache management, arbitration mechanisms, set
dueling, replacement policies, perceptron learning, prefetching

I. INTRODUCTION

Modern CPUs rely heavily on adaptive microarchitectural
policies to balance performance efficiency across diverse and
rapidly evolving application domains [1]-[3]. Accordingly, mi-
croarchitectural mechanisms should operate effectively under
highly dynamic program behavior. Because no single policy
consistently dominates across the wide diversity of application
domains and phase behaviors—each exhibiting different mem-
ory access patterns and locality properties—adaptive selection
schemes have become essential components of high-end CPU
designs, enabling architectures to respond robustly to workload
heterogeneity and temporal variability.

Set Dueling (SD) [4]' has emerged as a widely adopted
technique for dynamic policy selection. The appeal of SD lies
in its simplicity: it statically assigns a small number of cache
sets, typically referred to as Leader Sets, to competing policies
while the remaining sets, typically referred to as Follower
Sets, adopt one of the competing policies. The decision is

'We use the terms Set Dueling and context-oblivious Set Dueling inter-
changeably to refer to the original version of Set Dueling.

made by using a saturating counter that tracks which Leader
Sets performed better. SD is attractive because it is simple,
has low hardware cost, and is decoupled from the underlying
competing policies. This is evidenced by the broad spec-
trum of its applications: from general-purpose replacement
policies [4], [5], prefetch-aware replacement policies [6], and
cache indexing [7] to prefetching [8] and branch prediction [9].
Its influence also extends to real-world CPU designs [1],
[3]; reverse engineering of commercial CPUs further reports
leader/follower set partitioning that duels two insertion policies
in the last-level cache [10], [11]—precisely the structure
arbitrated by DRRIP [5], the most widely used SD application.

Despite its great success with numerous applications in
both academia and industry, SD has one major limitation:
its decision logic uses a single global counter, which is
context-oblivious. This counter is responsible for dynamically
identifying the best-performing policy and applying it to the
Follower Sets. Using a single counter implicitly assumes that
one of the competing policies will be uniformly superior
at any given phase. However, workloads exhibit fine-grained
heterogeneity; thus, different policies might be simultaneously
useful within the same execution phase. In other words, the
problem with using a single global counter is that it reacts only
after aggregate hit/miss trends accumulate without capturing
contextual correlations, leading to suboptimal policy selection.

Our analysis of emerging Google server workloads [12]
shows that augmenting DRRIP [5]—the most common appli-
cation of SD—with contextual information in its decision logic
yields significant performance gains (>2% in geometric mean)
over the original context-oblivious SD. These improvements
stem from reductions in cache MPKI and access latency. We
also demonstrate that these gains persist both with and with-
out established hardware prefetchers [13], [14] and that our
findings generalize across standardized benchmarks spanning
multiple domains, including SPEC CPU [15], [16], GAP [17],
Ligra [18], CVP1 [19], [20], and AI workloads [12].

To address the limitation of SD, we propose Context-Aware
Set Dueling (CASD), a general framework that elevates SD to a
context-aware, policy-agnostic arbitration mechanism that en-
ables more responsive and accurate runtime adaptation. CASD
preserves SD’s core training methodology, using Leader Sets
to obtain supervised signals about policy effectiveness, but
replaces its global monolithic counter with an adaptive and
context-aware prediction scheme. Instead of selecting a single
policy for all Follower Sets, CASD predicts the most appro-
priate policy based on execution context (e.g., control flow
or data flow derived features). Leader Sets provide training



feedback to the predictor, enabling it to learn correlations
between program context and policy effectiveness over time.
By introducing contextual learning into SD, CASD provides
a simple and general pathway toward more adaptive context-
aware microarchitectural policy arbitration; a preliminary ver-
sion of this idea appeared in [21].

CASD offers several advantages over SD. First, it enables
fine-grained adaptation, allowing different contexts within the
same execution phase to use different policies concurrently.
Second, it improves responsiveness to phase changes, as the
predictor can anticipate recurring behavioral patterns rather
than relying on slow global counter shifts. More broadly, this
work is not about improving a specific application of SD nor
proposing a new microarchitectural scheme (e.g., replacement
policy); it reframes how microarchitectural arbitration schemes
should be designed. Rather than relying on a global decision
signal, it demonstrates the benefits of incorporating contex-
tual learning into arbitration, enabling finer-grained and more
responsive adaptation across diverse workloads.

This shift toward smarter context-aware microarchitectural
mechanisms is increasingly important as architectural per-
formance improvements become harder to achieve due to
the slowing of Moore’s Law and the growing processor-
memory performance gap [22], [23]. As adaptive techniques
become pervasive across CPU designs, dynamic arbitration
mechanisms will play an increasingly key role in improving
performance efficiency across diverse workload domains. In
this context, CASD provides a general and extensible frame-
work for designing context-aware arbitration mechanisms.
Importantly, these benefits come with low storage overheads
since CASD retains SD’s low-overhead structure.

To demonstrate the benefits of the CASD framework, we
design DuelCeptron, a prototype of CASD that uses perceptron
learning [24], [25] to correlate contextual information with
policy effectiveness and eventually select the best-performing
policy for the Follower Sets at any given access. We use three
case studies to highlight the effectiveness and versatility of
DuelCeptron. First, we apply it on the cache replacement
domain and specifically DRRIP [5] since this is the most
widely used SD application [3], [10], [11]. The second case
study comes from the hardware prefetching domain, where a
recent work [8] uses SD to select between two prefetchers.
The last study is on prefetch-aware replacement policies. Our
evaluation, across a diverse set of applications, shows that Du-
elCeptron outperforms conventional SD across all considered
case studies while incurring low storage overheads.

In summary, this paper makes the following contributions:

e This work reveals that incorporating contextual in-
formation in arbitration mechanisms based on Set Dueling
(SD) can provide significant performance enhancements and
shows a general pathway toward more adaptive context-aware
microarchitectural policy arbitration.

* We propose Context-Aware Set Dueling (CASD), a policy-
agnostic framework that transforms monolithic SD into a
context-aware arbitration mechanism by learning correlations
between execution context and policy effectiveness.
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Fig. 1: (a) Building blocks of any microarchitectural mecha-
nism based on SD; (b) Original SD implementation; (c) SD
that exploits contextual information in the decision-making.

e We design DuelCeptron, a prototype of CASD based on
perceptron learning, showing how learning mechanisms can
enable accurate and efficient context-aware policy selection.

e We evaluate DuelCeptron across three distinct do-
mains—cache replacement (DRRIP [5]), hardware prefetch-
ing [8], and prefetch-aware cache management [6]—and show
that it outperforms conventional SD-based arbitration while
maintaining low storage overhead. For example, in the DRRIP
case study, DuelCeptron improves geometric mean (geomean)
performance on recently disclosed Google benchmarks by
2.4% (train set) and 2.9% (test set). We further demonstrate
that DuelCeptron provides consistent benefits across a diverse
set of workloads (SPEC [15], [16], GAP [17], Ligra [18],
CVP1 [19], [20], and AI workloads [12]).

II. CONTEXT-OBLIVIOUS SET DUELING

Set Dueling (SD) is a generic mechanism for dynamically
selecting between competing policies. Figure 1 (a) shows
that SD-based schemes fundamentally consist of two build-
ing blocks: (1) the competing policies and (2) the selection
scheme that dynamically arbitrates between them. The selec-
tion scheme comprises (i) the training logic, which gathers
runtime information from a subset of resources (e.g., cache
sets) and (ii) the decision logic, which interprets this informa-
tion to determine the superior policy for the current phase and
enforce it on the remaining resources (e.g., cache sets).

Figure 1 (b) shows the blocks of the original context-
oblivious SD version, which combines two competing policies
(P1, P2). Its training logic partitions the corresponding struc-
ture (e.g., cache) into three categories: (i) Leader Sets for P1,
(i) Leader Sets for P2, and (iii) Follower Sets. Leader Sets
are statically assigned to use one of the competing policies
throughout execution. These sets act as controlled experiments
and provide feedback under fixed policy behavior. Follower
Sets, which constitute the vast majority of the sets, dynami-
cally use one of the competing policies (P1, P2) based on the
outcome observed in the Leader Sets. The decision logic that
performs this arbitration is typically implemented as a global
saturating counter (P..; in Figure 1 (b)). Ps.; dictates which
policy the Follower Sets adopt, enabling the dynamic selection
of the superior policy with minimal hardware overhead. In this
way, SD separates training (performed by Leader Sets) from
deployment (applied by Follower Sets). P.1 is compared to an



activation threshold (T, in Figure 1). Follower Sets use policy
P1 when P..;>T.; otherwise, policy P2 is selected. We refer
to the original SD as context-oblivious Set Dueling since its
decision logic reduces all policy feedback to a global counter,
making it incapable of associating policy effectiveness with
contextual information.

SD offers several appealing properties: (i) Low hardware
cost: only a small fraction of sets are designated as leaders,
and arbitration requires only a single counter; (ii) Policy
modularity: SD does not depend on internal details of the
competing policies as it treats them as black boxes; (iii)
Adaptation: SD converges toward the policy that performs
better for a given workload. Prior art shows that SD has
been successfully adopted across multiple domains due to its
simplicity and practicality [5]-[9]; it has been used to arbitrate
between replacement policies, prefetch engines, cache index-
ing schemes, and branch prediction configurations, among
others. These properties explain both SD’s adoption across
domains and its influence on commercial CPU designs.

III. MOTIVATION

This section analyzes the limitations of SD and motivates,
both qualitatively and quantitatively, the need to evolve SD
into a context-aware arbitration scheme, conceptually pre-
sented in Figure 1 (c), which can capture contextual corre-
lations and adapt to fine-grained phase heterogeneity.

A. Limitations of Set Dueling

The simplicity of SD stems from a key design choice: policy
selection is global, meaning that all Follower Sets apply the
same policy at any given time. While effective for coarse-
grained adaptation across workloads or long phases, relying on
a single context-oblivious counter limits SD’s ability to exploit
fine-grained heterogeneity and adapt to changing program
behavior. Next, we elaborate on these limitations.

Global Arbitration. The global arbitration of SD implicitly
assumes that policy effectiveness is uniform across the entire
structure (e.g., cache). In practice, different instruction streams
or memory regions within the same execution window may
favor different policies—e. g., streaming accesses benefit from
aggressive insertion (insert at LRU position or bypass), while
temporally reused data benefit from conservative insertion
(insert near MRU). Because it collapses all behavior into one
counter, SD cannot differentiate these contexts and applies a
single policy globally.

Lack of Context Correlation. SD decides solely on aggregate
Leader Set outcomes and does not associate policy effective-
ness with execution context (e.g., PC or address). Even when
a context consistently favors one policy, that preference is
reflected only if it dominates the aggregate behavior. There-
fore, SD cannot exploit stable, fine-grained regularities (e.g.,
accesses generated by a static instruction exhibit streaming
behavior) and is restricted to coarse-grained trends.

Delayed Adaptation. SD evolves incrementally as its global
counter accumulates evidence. When behavior changes, Fol-
lower Sets keep applying a potentially suboptimal policy until

the counter shifts, degrading performance. This adaptation
process is inherently reactive. SD responds only after aggre-
gate behavior has shifted, rather than anticipating recurring
patterns. In workloads exhibiting short or interleaved phases,
the counter may oscillate or lag behind phase transitions,
limiting responsiveness.

B. Quantifying the Potential of Context-Aware Arbitration

The limitations of SD arise from a fundamental structural
constraint: SD reduces policy selection to a global decision.
Intuitively, addressing this bottleneck requires replacing the
scalar global arbitration with a context-sensitive selection
mechanism capable of modeling multi-dimensional behavior,
i.e., augmenting SD’s decision logic with contextual informa-
tion. The goal of this section is to determine whether doing so
can improve the policy selection of SD-based schemes beyond
what is achievable with the global counter.

To evaluate our hypothesis, we consider the most widely
used scheme based on SD, DRRIP [5], which uses SD to
dynamically select between two RRIP-based insertion policies:
SRRIP, which inserts at an intermediate re-reference predic-
tion value (RRPV) and is scan-resistant (single-use lines are
evicted before the working set), and BRRIP, which inserts
most lines at the most distant RRPV and is thrash-resistant
(when the working set exceeds the cache capacity, it retains
a useful subset). Since scan-dominated and thrash-dominated
phases favor opposite policies, DRRIP uses SD to dynamically
choose between them. Both SRRIP and BRRIP use the same
promotion and eviction policies, differing only in the insertion
RRPV of the incoming line; the victim is always the resident
line with max-RRPV, independent of the insertion policy.

We compare original DRRIP with a contextual version
of DRRIP (DRRIP+Context), which uses the PC as context
to drive the policy selection, enabling fine-grained policy
arbitration. We use PC as a representative contextual feature
since it provides a compact representation of execution context
and often correlates with memory access behavior. In practice,
DRRIP+Context uses a 1024-entry table (empirically selected)
composed of saturating counters, which is indexed with the PC
of the memory access. Each counter works like the original
SD’s global selection counter, but it is local to one PC instead
of global. Each table entry says “Which policy (SRRIP or
BRRIP) is better for accesses with this PC?” Different PCs
are indexed in different table entries and thus use different
counters, so different contexts can select different policies at
the same time. For this motivational study, we assume that
each cache line is augmented with the table index used to
drive the prediction to ensure correct updates of the table
counters. We make this assumption since the PC, which is
needed to index the table, is typically not stored in cache
lines, and SD updates take place on cache evictions. This
assumption is made only for this study; our proposal, presented
in Section IV, does not require new cache line metadata.
Finally, both DRRIP and DRRIP+Context use the same Leader
Sets to enable meaningful comparison; we use 32 Leader Sets
per competing policy after performing a sensitivity study.
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Fig. 2: Comparison between DRRIP and a context-aware version of DRRIP (DRRIP+Context) across a set of Google workloads.
(a) Policy selections (BRRIP or SRRIP) made by the arbitration logic for Follower Sets across a sequence of accesses. (b)
Fraction of BRRIP and SRRIP selections throughout the execution of each workload. (c) Performance impact (higher is better).

(d) Impact on L2C MPKI (lower is better). (¢) Impact on access latency reduction (higher is better).

For this study, we use the ChampSim simulator [26], [27]
modeling an out-of-order (OoO) CPU with a three-level cache
hierarchy. Section V-A presents the details of the simulated
system. This motivational study evaluates a set of recent
Google workloads exhibiting complex memory access patterns
that challenge microarchitectural mechanisms [12]. Our main
evaluation, presented in Section V, considers a large set of
workloads to highlight the versatility of our proposal.

Figure 2 compares DRRIP with DRRIP+Context when
applied to L2C.? Focusing on the policy activations (BRRIP or
SRRIP) selected by DRRIP and DRRIP+Context, Figure 2 (a)
shows that, across a sequence of memory accesses sampled
after the warmup period, the two mechanisms exhibit very
different activation patterns. For the fahoe benchmark, we
observe that DRRIP predominantly enables SRRIP, whereas
DRRIP+Context mostly selects BRRIP. Another interesting
example is merced, where DRRIP+Context switches between
BRRIP and SRRIP at a much finer granularity; such behavior
cannot be achieved by DRRIP due to its reliance on a global
counter, which results in slower adaptation to varying exe-
cution contexts. The fahoe benchmark exhibits mostly thrash
behavior over the sampled window, so DRRIP+Context’s
preference for BRRIP retains a useful working-set subset in the
cache while DRRIP, driven by its global counter, does not. The
fine-grained alternation of merced reflects interleaved scan and
thrash phases that favor different policies within the same win-
dow of Figure 2 (a); DRRIP+Context captures this behavior
using per-context tracking, but DRRIP’s global counter cannot.

2We focus on L2C rather than LLC because the growing size of L2Cs in
modern CPUs [2] makes L2C replacement decisions increasingly impactful.

Overall, Figure 2 (b) shows that DRRIP and DRRIP+Context
make substantially different policy decisions: BRRIP (SRRIP)
is selected by DRRIP and DRRIP+Context approximately 20%
(80%) and 60% (40%) of the time, respectively.

The main finding so far is that DRRIP and DRRIP+Context
make different policy decisions. However, this observation
alone does not indicate whether one scheme makes better
decisions than the other, nor does it reveal their performance
impact. To address this, Figure 2 (c) reports the speedups
achieved by DRRIP and DRRIP+Context over the baseline.
DRRIP+Context consistently outperforms DRRIP in all eval-
uated Google workloads. This improvement stems from the
fact that policy effectiveness is not uniform across a workload:
different instruction streams and access patterns favor different
policies. By incorporating contextual information into the
arbitration process, DRRIP+Context can predict which policy
is more suitable for each access and apply different policies to
different instruction streams within the same execution phase,
rather than enforcing a single global policy.

To better understand the sources of these speedups, Figure 2
(d) and Figure 2 (e) analyze the impact of DRRIP and
DRRIP+Context on the L2C MPKI and the average L2C miss
latency, respectively. DRRIP+Context achieves both lower
L2C MPKI and a greater reduction in the average access
latency over the baseline by making more informed insertion
decisions—enabling BRRIP or SRRIP depending on which
policy is better suited for each access. The main takeaway
of this analysis is that enhancing SD’s decision logic with
contextual information has the potential to provide significant
performance gains due to improved decision-making.
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Fig. 3: Performance of DRRIP and DRRIP+Context across
different baseline prefetcher configurations.

1) Impact of Hardware Prefetching: The previous section
highlights the benefits of making SD context-aware under the
assumption that no prefetchers are used. This choice was made
to isolate the gains of DRRIP+Context over the original DR-
RIP. However, modern microarchitectures employ hardware
prefetchers to mitigate the Memory Wall bottleneck [22], [23].

In this section, we quantify the benefits of DRRIP+Context
over DRRIP in three configurations: (i) no hardware prefetch-
ers, as in the previous section, (ii) the Berti [13] prefetcher
operates at L1D, and (iii) Berti is used as the L1D prefetcher
and SMS [14] as the L2C prefetcher. Figure 3 presents the
speedups achieved by DRRIP and DRRIP+Context over the
aforementioned baseline systems, using the same simulation
infrastructure and workloads as Section III-B. Despite the
integration of prefetching, the performance improvements of
DRRIP+Context over DRRIP are consistent and in some cases
even enhanced, as in configuration (ii), due to the cache
contention introduced by prefetching.

C. Main Takeaways

Our analysis shows that incorporating contextual informa-
tion into SD’s arbitration logic can improve policy selection,
with and without prefetching, highlighting the limitations of
context-oblivious SD. The contextual feature (PC) used in our
motivational study is simple. Nevertheless, it already provides
consistent improvements, indicating that incorporating richer
contextual information could further enhance the effectiveness
of context-aware arbitration. Therefore, the main takeaway
of our analysis is that elevating SD’s decision logic into
a context-aware prediction framework has the potential to
provide significant performance uplifts.

IV. CONTEXT-AWARE SET DUELING (CASD)

This work proposes Context-Aware Set Dueling (CASD), a
holistic framework that elevates SD to a context-aware, policy-
agnostic arbitration mechanism and enables more responsive
and accurate runtime adaptation. CASD addresses the limi-
tations of SD identified in Section III-A by transparently in-
corporating contextual information (e.g., control flow and data
flow) into SD’s decision logic. By doing so, it can improve the
effectiveness of any microarchitectural mechanism that relies
on SD. Importantly, CASD remains policy-agnostic, requiring
no modifications to the underlying competing policies.

To achieve this, CASD retrofits contextual learning into
SD: it preserves SD’s original training methodology by using
Leader Sets to gather information about policy effectiveness.

However, it replaces the traditional global monolithic counter
with a context-aware prediction scheme, as illustrated in Fig-
ure 1 (c). Instead of selecting a single policy for all Follower
Sets, CASD dynamically predicts the most appropriate policy
based on the current execution context. Consequently, rather
than answering the coarse-grained question “Which policy
performs better overall?”, CASD addresses the more precise
question: “Which policy performs better under this specific
execution context?” Through contextual learning, CASD pro-
vides a simple and general pathway toward more adaptive,
context-aware microarchitectural policy arbitration.

A. DuelCeptron: CASD with Perceptrons

This section presents DuelCeptron, an implementation pro-
totype of CASD where the decision logic uses a lightweight
contextual prediction scheme based on perceptron learn-
ing [24], [25]. In other words, DuelCeptron is an instantiation
of the contextual predictor of CASD, presented in Figure 1
(c). DuelCeptron removes the structural bottleneck imposed
by scalar arbitration of SD as it allows different contexts to
favor different policies concurrently, enabling heterogeneous
policy deployment across the structure (e.g., cache).

We use perceptron learning for DuelCeptron since percep-
tron predictors typically have high accuracy due to their ability
to correlate predictions with program features while incurring
modest storage overheads [28]. Each perceptron predictor of
DuelCeptron is realized with a Weight Table (WT) storing
perceptron weights associated with one program feature. The
perceptron weights are implemented with saturating counters.
Note that DuelCeptron employs a hashed perceptron predictor
for each selected program feature, leveraging a diverse set of
features crafted using both our expertise and prior work [29]-
[31]. Section IV-A3 presents the features and the feature
selection process. Figure 4 presents the building blocks and
the operation in steps (prediction, training) of DuelCeptron.

1) Prediction: At the policy selection event, i.e., when
DuelCeptron needs to decide which of the policies to enable,
DuelCeptron first extracts the selected program features from
the current load request (] in Figure 4). Then each feature
is hashed B} and used to index the corresponding WT. After
indexing, a weight (w; ) is retrieved from the WT B the same
happens for all considered features. These weights represent
the learned preference between the competing policies for that
context. Next, all weights pass through the Weight Optimizer,
which is a module responsible for adjusting the weights of
all features by taking into account the system state and phase
behavior B]. This module changes the importance of a feature
(shift operation, no floating-point) by examining the code
cache accesses. To do so, it uses the metric Code Accesses per
Kilo Instructions (CAKI) Ell. In practice, if CAKI exceeds
a high threshold Ty;4n, the Weight Optimizer shifts right the
weights of features using only data-flow information, giving
higher priority to features using control-flow. Similarly, if
CAKI falls below a low threshold T, the Weight Optimizer
shifts right the weights of features using only control-flow
information, giving higher priority to features using data-flow.
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After the weight optimization step, DuelCeptron sums the
optimized weights of all considered features and generates the
final weight (weina1) Bl. The final step includes comparing
Weinay With an activation threshold T... B If weinay is
greater than T,.., policy P1 is selected; otherwise, policy P2 is
used for the current access. Through this process, DuelCeptron
dynamically selects different policies for the Follower Sets
based on contextual evidence rather than global aggregation.

2) Training: DuelCeptron must ensure correct updates of
the selected feature weights stored in the WTs. To achieve this,
it introduces a new structure called the Weight Index Buffer
(WIB), which stores the hash indexes of the selected features
used during prediction, allowing DuelCeptron to correctly
update the corresponding weights when training occurs ([§ in
Figure 4). Note that DuelCeptron (and any CASD prototype)
uses the same training signals as the original SD, i.e., the
events that update SD’s selection counter. For example, in the
DRRIP case study (Section V), the weights of DuelCeptron
are updated upon Leader Set evictions using the WIB (oper-
ation described below). Optimizing the training signals could
improve the performance of DuelCeptron, but we aim for a
fair comparison with the original SD; therefore, both SD and
DuelCeptron use the same training signals.

WIB only stores the hash indexes of the Leader Sets for
all competing policies, since these sets form the training
environment for DuelCeptron, as shown in [ll. Each Leader
Set resident line therefore maps to exactly one WIB entry;
thus there is no associative tag match and no aliasing. In a
straightforward implementation, WIB has as many sets as the
Leader Sets, with associativity matching that of the underlying
cache. Section V-D shows that both the number of Leader Sets
and the WIB associativity can be reduced, i.e., DuelCeptron
can be trained on a subset of cache ways and Leader Sets
while preserving its performance gains and lowering storage
overhead. For now, we assume that the WIB matches the
associativity of the underlying cache, unless stated otherwise.

WIB is needed when DuelCeptron employs control-
flow-based features (e.g., the PC). In this case, feature values
used at prediction time are not available during training be-
cause they are not typically stored per cache line. By recording
the hashed feature indexes in the WIB, DuelCeptron retains
the information required to correctly update the corresponding

weights during training. If DuelCeptron is restricted to features
whose required metadata for training is already maintained per
cache line, the WIB can be eliminated. For completeness, we
consider WIB in our proposal.

When a training event occurs (e.g., a cache eviction from the
Leader Sets for DRRIP), DuelCeptron adjusts the confidence
of the competing policies for that context. To do so, it retrieves
the hashed indexes of the corresponding way stored in the WIB
to update the perceptron weights BJ. In practice, the counters
associated with these weights are adjusted—incremented or
decremented—toward the policy assigned to the corresponding
Leader Set. For example, in DRRIP [5], consider an eviction
from the Leader Set assigned to policy P1 (negative training
for P1). In this scenario, DuelCeptron uses the hashed indexes
stored in the WIB to decrease the corresponding weights,
indicating less confidence for P1 under this context. As a
result, when the same context appears again, DuelCeptron
may shift toward favoring policy P2 instead (B in Figure 4).
Finally, these updates are bounded by the saturation limits of
the counter width to ensure stability.

3) Feature Selection: DuelCeptron selects from a wide
range of 30 program features, crafted using our expertise and
prior work [29]—-[31], that can be used to design a context-
aware arbitration mechanism. Table I presents the subset of
program features, identified by offline feature exploration, that
provide the highest performance gains in isolation among
the evaluated case studies of DuelCeptron. We observe that
most program features use the address, PC, and combinations
of them. Note that DuelCeptron does not contain features
specialized to the application domain (e.g., cache replacement
policy and DRRIP), but rather features that are agnostic to
where DuelCeptron is applied. Crafting specialized features
that exploit metadata from specific SD application domains
(replacement policies [4], [5], indexing schemes [7], prefetch-
ing [8], branch prediction [9]) can further improve the effec-
tiveness of DuelCeptron. Our work does not focus on a specific
SD application but rather provides a holistic framework for
elevating SD into a context-aware arbitration mechanism.

4) Feature Combination: The feature selection of Sec-
tion IV-A3 is performed offline and uses performance as the
optimization metric as it is a global metric applicable across
all case studies and is commonly used in prior work [29], [31].



Feature Description

PC/PC>12 PC/shifted PC of the memory access
PCi»,®PC;.; ®PC; Last three PCs

PA/PA>>>12 Physical address/page of the access

PA; , ®PA;.| BPA; Last three physical addresses
(PA; 2>12)B(PA;.1>12)B(PA;>>12) Last three pages touched

PC®CacheLineOffset PC XORed with cache line offset
PCH(PA>>12) PC XORed with physical page
PC®PA PC XORed with physical address

TABLE I: Best-performing features among the 30 examined.

First, we quantify the speedup of each program feature in
isolation by evaluating single-feature DuelCeptron instantia-
tions (Table I) across the training workloads. The features
are then sorted by increasing geomean speedup. In the final
step, we combine features to further improve performance. We
start with a set containing only the best-performing feature
and iteratively evaluate the addition of the remaining features.
If adding a feature improves the geomean speedup by more
than 0.3% over the best configuration so far, it is included
in the set of selected features. This process continues until
all features have been examined. Because this greedy search
evaluates only a subset of the joint feature space, scaling
such explorations is a design-methodology problem, for which
agentic LLM workflows are a promising direction [32].

5) Storage Overhead: The storage overhead of DuelCep-
tron depends on the number of competing policies (M), the
number of selected features (IV), the size of WTs (Wﬂ”ze),
and the number of bits used for perceptron weights (bits"'7%).
It also depends on the number of Leader Sets per competing
policy (L) and the number of WIB ways (WIB ,qy), since
these parameters impact the WIB size (see fll in Figure 4). The
total storage overhead of DuelCeptron is given by Equation 1.
The first term accounts for the storage of WTs and the second
term represents the bits needed for storing the perceptron
indices in WIB to ensure correct weight updates.

N N
> WTPEe bitsW T 4 M - Loers - WIBuways - Y _ logo(WTF¢) (1)

i=1 i=1

B. Discussion

1) Other Models: Our prototype employs perceptron learn-
ing to map program context to policy selection, offering a prac-
tical balance between hardware cost, generality, and feature
combination via linear weighting. More expressive learning
mechanisms [33]-[35] could capture richer context—policy
relationships, but at higher complexity.

2) Number of Competing Policies: Both SD and CASD
assume two competing policies. Extending to M competing
policies is feasible but requires additional Leader Sets and a
multi-class selection mechanism: an M-way maximum over
the per-policy weight sums, which is combinational and off
the critical path (Section V-DI, as for the two-policy case).
The per-update training cost stays O(features), independent of
M, since each event updates only the weights of the evicted

Component Configuration

CPU Core 4GHz, 352-entry ROB, hashed perceptron branch predictor [28]
L1 ITLB/DTLB 64/128-entry, 4/4-way, 1/1-cycle, 8-entry MSHR, LRU
L2 TLB 2048-entry, 16-way, 8-cycle, 16-entry MSHR, LRU

L1I 48KB, 12-way, 5-cycle, 8-entry MSHR, LRU

L1D 48KB, 12-way, 5-cycle, 16-entry MSHR, LRU, Berti [13]

L2C 1.25MB, 20-way, 10-cycle, 32-entry MSHR, LRU, SMS [14]
PC>12: 256-entry WT, 9b/entry,

DuelCeptron (PA;i2>>12)D(PA;i1>12)@(PA;>>12): 256-entry WT, 7b/entry,

PC@CacheLineOffset: 512-entry WT, 7b/entry,
Lers=32 (per policy), Toet = 240, Thigh = 30, Tiow = 0.2

2MB, 16-way, 20-cycle, 64-entry MSHR, LRU
8GB, 3200MT/s

LLC (per core)
DRAM

TABLE II: Simulated system and DuelCeptron configuration.

line’s features. However, more Leader Sets reduce the number
of Follower Sets and enlarge the decision space, potentially
slowing convergence. Prior work shows that arbitrating three
policies with a counter-driven decision tree provides bene-
fits [36]; whether such gains persist once arbitration is context-
aware remains open.

3) Concurrent Policy Coexistence: CASD inherits SD’s
precondition that the competing policies coexist concurrently,
so CASD applies wherever SD applies, without modify-
ing the underlying policies. One consideration is switching
granularity: CASD switches per access, so for the class of
high-inertia policies such as cache indexing schemes [37],
where reconfiguration can require invalidating or relocating
lines, the dominant cost shifts from training to per-switch
reconfiguration. The large majority of SD applications do not
face this, as their competing policies differ only in lightweight
per-request decisions that coexist at no switching cost. For
the high-inertia case, CASD admits a near-free extension: a
configurable right-shift on the feature-weight sum (reusing
the Weight Optimizer’s shift primitive) attenuates the per-
context contribution so the SD-like bias dominates, bounding
switching frequency toward conventional SD.

V. CASE STUDY 1: CACHE REPLACEMENT POLICY

To evaluate the benefits of our proposal, CASD, and its
prototype, DuelCeptron, we first focus on the most common
application domain of SD: cache replacement policies, and
specifically DRRIP [5], similar to Section III-B. This case
study constitutes our main evaluation. Section VI and Sec-
tion VII demonstrate that DuelCeptron also improves perfor-
mance in different SD application domains.

A. Methodology

Simulation Infrastructure. Our evaluation uses the Champ-
Sim simulator [26], [27], modeling an OoO CPU with a
three-level cache hierarchy, a decoupled front-end [38], and
an MMU model with hardware page walking [39], [40] and
MMU caches [41]. Table II summarizes the simulated system.

Workloads. We evaluate a diverse set of workloads from
different benchmark suites and application domains. We use
(i) emerging server workloads provided by Google [12], (ii)
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Fig. 5: Performance of DRRIP and DRRIP+DuelCeptron across the train set and test set of workloads.

Al workloads (e.g., llama2, vit, whisper) [12], (iii) general-
purpose workloads from SPEC CPU 2006 [15] and SPEC CPU
2017 [16]—we refer to them as SPEC, (iv) graph workloads
included in the GAP [17] and Ligra [18] benchmark suites—
we refer to them as Graph, (v) industrial integer, floating point,
and server workloads provided by Qualcomm for CVP1 [19],
[20], and (vi) established server workloads (NodeApp, TPCC,
Wikipedia, Kafka, Spring, Tomcat, Chirper, HTTP) [42],
[43]—we refer to them as SRV. All traces were obtained using
the SimPoint methodology [44]. SimPoints with a weight
smaller than 0.05 are discarded and we report weighted
geomean speedups [8], [35], [45], [46]. SPEC, GAP, and Ligra
workloads execute 250M instructions for warmup followed by
250M instructions for simulation. CVP1 workloads use 50M
warmup instructions and 100M simulation instructions [47]-
[49]. Google and AI workloads use 50M warmup instructions
followed by 200M simulation instructions [12].

Our evaluation focuses on workloads with LLC MPKI>1,
since replacement policies have a negligible impact on
compute-bound workloads. In total, we consider 476 work-
loads, which we divide into three categories. The train set
guides the design of DuelCeptron, while the test set is held out
from development; we form both by splitting the Google, Al,
SPEC, Graph, and CVP1 suites evenly, assigning half of each
suite to training and the remainder to test. The third category
comprises the SRV workloads that appear in neither set and
thus represent an unseen workload class.

1) Multi-core Methodology: Our multi-core evaluation con-
siders 400 randomly generated mixes from our single-core
workload set. Our evaluation reports the weighted speedup
over the baseline [8], [29]-[31], [50]. First, we compute the
IPC in the multi-core context and the IPC in isolation on a
system with the multi-core configuration for each application
running on a core. Next, we compute the weighted IPC as the
sum of (IPC,./IPC;s,) for all workloads in the mix. Finally,
we normalize this sum with the weighted IPC of the baseline.
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Fig. 6: Impact on cache MPKIs and access latency.

For each mix, when a core finishes its instructions, it gets
replayed until all the cores finish their respective instructions,
similar to prior work [13], [31], [45], [51], [52].

2) SMT Methodology: To evaluate DuelCeptron under
thread colocation, we construct 50 randomly selected work-
load pairs from the pool of single-core workloads to capture
diverse interference scenarios. We use the same warmup and
simulation instructions as in the single-core experiments.

B. DuelCeptron Configuration

Following the feature selection methodology described in
Section IV-A3, we configure DuelCeptron with three features
from Table I that capture complementary control-flow and
data-flow information that correlate with policy effectiveness.

1) PC>12 is computed by shifting the program counter
right by 12 bits. This provides control-flow information and
allows DuelCeptron to learn whether accesses originating from
specific code regions favor a particular policy (SRRIP or
BRRIP in this case study).

2) Last 3 Pages captures data-flow behavior and is
computed by storing the last two physical pages accessed
(after shifting the addresses right by 12 bits) and XORing them
with the currently accessed physical page. This feature enables
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Fig. 7: Percentage of BRRIP and SRRIP activations by DRRIP and DRRIP+DuelCeptron across all workloads.

DuelCeptron to capture correlations between sequences of
accessed pages and the effectiveness of the competing policies.

3) PChCacheLineOffset combines control-flow and
data-flow information by XORing PC with the cache line
offset. This allows DuelCeptron to capture finer-grained corre-
lations where both the PC and the line offset influence which
policy performs best for a given access.

C. Performance Evaluation

Figure 5 compares the performance of DRRIP and DuelCep-
tron (DRRIP+DuelCeptron),® which replaces the monolithic
arbitration logic of SD with a contextual perceptron-based
prediction scheme over a baseline that uses LRU as the L2C
replacement policy (Table II) across the Google, Al, SPEC,
Graph, and CVP1 workloads, presented in Section V-A. The
first and second rows of Figure 5 present results for the
train and test workloads, respectively, while the third row
shows the geomean speedups for both workload sets. The main
observation is that DRRIP+DuelCeptron consistently improves
performance over DRRIP across all examined workload do-
mains (for both train and test workloads).

Overall, DRRIP+DuelCeptron outperforms DRRIP for
the Google train/test, Al train/test, SPEC train/test, Graph
train/test, and CVP1 train/test by 2.4%/2.9%, 2.5%/2.1%,
1.4%/1.1%, 1.2%/1.4%, and 1.6%/1.0%, respectively. The
improvements are comparable between the train workloads
used during development and the test workloads, indicating
that DuelCeptron generalizes well to unseen applications and
does not overfit to the workloads used during tuning. Impor-
tantly, DuelCeptron uses the same configuration, presented in
Section V-B and Table II, for all workloads and is not tuned
per benchmark suite. Although domain-specific tuning (e.g.,
WT sizes, bit width, thresholds) could yield higher gains,
the goal of this work is to demonstrate that augmenting SD
with a contextual arbitration scheme can provide consistent
performance improvements in diverse applications rather than
optimizing the design for a specific benchmark suite.

1) Impact on MPKI and Access Latency: The performance
gains achieved by DuelCeptron are driven by reductions in
cache MPKI and access latency. Figure 6 illustrates this by
comparing the impact of DRRIP and DRRIP+DuelCeptron on
L2C MPKI, LLC MPKI, and L2C access latency relative to the
baseline. This study focuses on representative workloads from
each benchmark suite, rather than all 476 evaluated workloads.

3DRRIP and DRRIP+DuelCeptron use the same 32 Leader Sets per
competing policy (empirically selected after tuning).

Figure 6 shows that DRRIP+DuelCeptron significantly re-
duces L2C MPKI for most workloads (e.g., tango and srv17).
This trend extends to the LLC, where MPKI reductions are
also consistently observed. This behavior is expected: improv-
ing L2C replacement decisions reduces the number of accesses
that miss in L2C and propagate to the LLC, thereby lowering
LLC pressure and miss rates. Similarly, L2C access latency
is reduced more under DRRIP+DuelCeptron than under DR-
RIP, as more accesses are served from the cache hierarchy.
These improvements stem from more accurate policy selection
decisions enabled by correlating execution context with the
effectiveness of the competing insertion policies.

To quantify this behavior across all workloads (both train
and test sets), we measured that DRRIP+DuelCeptron reduces
L2C MPKI by more than 1% for 69.7% of the workloads.
Among these, 98.2% also exhibit reductions in LLC MPKI,
and 71.0% achieve reductions in average L2C access latency.
For the remaining 30.3% of workloads, DRRIP+DuelCeptron
still reduces LLC MPKI in 83.6% of cases and improves L2C
access latency in 95.8% of cases. This indicates that even
when L2C MPKI is not significantly reduced, DuelCeptron
improves cache effectiveness by retaining performance-critical
cache lines in L2C, leading to lower access latency.

These MPKI and latency reductions translate directly into
the observed performance gains by decreasing long-latency
memory accesses. A key advantage of CASD and DuelCeptron
over original SD is its ability to select different policies for
different execution contexts within the same program phase.
While DRRIP relies on a single global counter and therefore
applies the same policy to all Follower Sets, DuelCeptron
uses contextual information to select the insertion policy on
a per-access basis. Our analysis (Section III-B) showed that
different contexts within the same workload often favor dif-
ferent policies. By capturing these correlations, DuelCeptron
allows SRRIP and BRRIP to be applied simultaneously to the
contexts where they are most effective, leading to improved
cache utilization. Because DuelCeptron selects only the inser-
tion policy, each per-access selection sets the incoming line’s
own insertion priority, i.e., its RRPV, and never selects the
victim; SRRIP- and BRRIP-inserted lines coexist within a
set, where standard max-RRPV eviction operates over their
combined state, as explained in Section III-B.

Figure 7 supports our analysis finding by showing the
activations of BRRIP and SRRIP across the considered suites.
While DRRIP tends to bias toward a single policy, DuelCep-
tron distributes activations across both policies within the same
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No HW Prefetchers

I DRRIP
Bl DRRIP+DuelCeptron I I I '

Berti@L1

Speedup %

[

I DRRIP
Bl DRRIP+DuelCeptron

[

Berti@Ll + SMS@L2

Il DRRIP
Il DRRIP+DuelCeptron I ‘ I I ‘ I
sprNd cpirpe’ yafk@ WP (omeat yipedi@ tpcC | qeaPR omean

Fig. 9: Performance of DRRIP and DRRIP+DuelCeptron when
applied to a completely unseen class of workloads.

Speedup %
ONDOOO ONIAOOWOW ONSOO®

[

Speedup %

workload domain. This indicates that DuelCeptron captures
fine-grained behavioral differences across execution contexts
and dynamically assigns the most suitable policy per access.
The wider spread and overlap of BRRIP and SRRIP activations
across all suites further confirm that different contexts within
the same workload benefit from different insertion strategies,
validating the need for context-aware arbitration.

2) Impact of Hardware Prefetching: So far, we assume
no hardware cache prefetchers to isolate the comparison
between DRRIP and DRRIP+DuelCeptron. Next, we evaluate
the interaction between DuelCeptron and hardware prefetch-
ing. Figure 8 reports the geomean speedups of DRRIP and
DRRIP+DuelCeptron for two baseline configurations with
prefetchers: 1) Berti [13] operates at L1D and 2) Berti operates
at L1D and SMS [14] at L2C. We observe that, across both
configurations with prefetching, DRRIP+DuelCeptron consis-
tently outperforms DRRIP for all workload classes (both train
and test sets). The magnitude of the improvements remains
similar to the no-prefetching baseline (Figure 5), suggesting
that the benefits of DuelCeptron are orthogonal to the presence
of hardware prefetchers. For example, DRRIP+DuelCeptron
outperforms DRRIP for the Google train/test workloads by
2.4%12.9%, 2.9%/3.6%, and 2.7%/3.6% when the baseline
has no, Berti, and Berti+SMS prefetchers, respectively. An
exception occurs for the Al workloads when SMS is used
at L2C. In this case, both DRRIP and DRRIP+DuelCeptron
provide limited gains because these Al applications mainly
exhibit spatial patterns that are effectively captured by SMS,
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Fig. 10: Performance comparison between DuelCeptron and
its constituent features across all considered workloads.

reducing the sensitivity of performance to the replacement
policy. Overall, this study provides additional confidence that
no matter the configuration, DuelCeptron provides significant
gains, highlighting the benefits of transforming SD into a
context-aware arbitration framework.

3) Unseen Workload Class: To further evaluate the ability
of our proposal to generalize beyond the workloads used
during development, we evaluate DuelCeptron on the SRV
workloads described in Section V-A. These workloads are not
included in either the train or test sets and thus represent an un-
seen workload class. Figure 9 shows that DRRIP+DuelCeptron
consistently outperforms DRRIP across all examined baseline
configurations, including no prefetching, Berti at L1D, and
Berti at L1D combined with SMS at L2C. The improvements
are consistent with the trends observed on the train and test
workload sets, indicating that DuelCeptron does not overfit
to the workloads used during design and that its contextual
arbitration mechanism generalizes to unseen workloads.

4) Comparison with Individual Features: This section com-
pares DuelCeptron with its constituent features (PC>>>12, Last
3 Pages, PC®CacheLineOffset). To do so, we implement three
versions of DuelCeptron that use only one of DuelCeptron’s
features. Figure 10 presents the comparison. DuelCeptron out-
performs every single-feature version on the vast majority of
workloads, because it combines the benefits of the individual
features, with each feature helping the workloads it correlates
with best. Crucially, DuelCeptron is not biased toward any
single feature: specific features dominate the decisions only
on the workloads, or workload phases, whose behavior they
capture well, while others dominate elsewhere. For example,
feature PC>12 is very important for many Google workloads
while being neutral for many SPEC workloads. Designs with
larger storage budgets could incorporate additional features
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across 50 SMT (2 hardware threads) workloads.

from Table I that provide gains for certain workloads but have
limited impact on overall geomean performance.

5) SMT Evaluation: DuelCeptron is thread-agnostic since
WTs are indexed by program features (e.g., PC), not by
thread, so SMT interleaving is simply a mix of feature values,
and each training update depends only on the evicted line,
not on state accumulated across accesses. Interleaved updates
therefore remain correct, and the saturating-counter hysteresis
absorbs the additional variance from interleaving.

Figure 11 compares DuelCeptron and DRRIP across 50
SMT workloads (Section V-A2), with two hardware threads
sharing the cache hierarchy. DuelCeptron outperforms DRRIP
on most workloads (4.2% on average). The results follow the
same trends as the single-thread evaluation but with larger
absolute speedups, because the two hardware threads increase
cache contention, thus increasing the potential gains of a
better replacement policy. A risk under thread colocation
is destructive aliasing between threads that collide on the
same feature hash with opposing policy preferences; where
significant, this can be addressed by folding a thread ID into
the feature hash, leaving training and arbitration unchanged.

D. Storage and Latency Overheads

Results presented so far use the DuelCeptron configuration
shown in Table II. The storage overhead of this configuration is
4.8KB (0.9KB for the WTs and 3.9KB for the WIB), computed
using Equation 1, corresponding to 0.4% of the simulated L2C.
The features PC>>12, Last 3 Pages, and PC®CacheLineOffset
use WTs with 256, 256, and 512 entries, respectively, empir-
ically selected after tuning. DuelCeptron uses 64 Leader Sets
(32 for SRRIP and 32 for BRRIP), consistent with DRRIP and
identified as the best-performing configuration. The overall
storage overhead of DuelCeptron (Equation 1) is primarily
determined by two parameters: the number of Leader Sets and
the number of WIB ways. While we use 64 Leader Sets—since
this configuration is optimal for DRRIP—DuelCeptron does
not inherently depend on this choice. To quantify the trade-offs
between storage and performance, we perform two sensitivity
studies. First, we vary the number of Leader Sets while
keeping the number of WIB ways constant. Second, we vary
the number of WIB ways while keeping the number of Leader
Sets constant; this study effectively performs way sampling
within the Leader Sets (ll in Figure 4).

Figure 12 (a) shows that 64 total Leader Sets provide the
best performance, while reducing them to 32 results in a
modest geomean performance loss. Further reductions in the
number of total Leader Sets, however, significantly degrade
performance. Figure 12 (b) shows that sampling 15 or 10
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Fig. 12: (a) Effect of total Leader Set (LS) count on Du-
elCeptron performance; (b) Effect of WIB ways (WIBy)
on DuelCeptron performance; (c) Comparing storage-efficient
DuelCeptron (left) with original DuelCeptron (right).
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Fig. 13: Impact of (a) L2C size and (b) the cache level at
which DuelCeptron is applied on DuelCeptron’s speedup.

ways (out of 20) achieves nearly identical speedups while
substantially reducing storage overhead. Finally, Figure 12 (c¢)
combines the insights of the previous studies and demonstrates
that the configuration of DuelCeptron with 32 total Leader Sets
and 10 WIB ways achieves almost the same speedups as the
configuration with 64 total Leader Sets and 20 WIB ways,
while reducing storage by 2.5x (from 4.8KB to 1.9KB).

The results in Figure 12 indicate that DuelCeptron does not
require a large number of Leader Sets or WIB ways to learn
correlations between access patterns and policy effectiveness.
Therefore, we advocate for a storage-efficient configuration
with 32 total Leader Sets and 50% of the baseline cache ways
used as WIB ways, as a practical design point.

1) Prediction and Training Latencies: DuelCeptron pre-
dicts which of the two policies (SRRIP, BRRIP) to enable at
line insertion, not on the cache access path. Insertion occurs
only after an L2C miss has been serviced (tens of cycles),
and the features needed for prediction (e.g., PC, physical
address) are available the moment the demand miss is issued.
The prediction is therefore computed in parallel with miss
servicing and is ready well before the fill data returns. We
verified this by sweeping DuelCeptron’s prediction latency:
results yielded identical performance, because the prediction
is fully overlapped with miss servicing and off the critical path.
Thus, our proposal does not stall the fill. Training is equally
undemanding: updates occur only on Leader-Set evictions, off
the access and fill paths, and each adjusts a few saturating
counters by +1; a recurring context reaches a confident weight
within tens of such events, while the 7-9-bit counters provide
hysteresis that prevents oscillation under transient noise.

E. Sensitivity Studies

Figure 13 (a) examines the impact of the L2C size on
DuelCeptron’s performance across all workloads (train and test
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sets). The gains of DRRIP+DuelCeptron increase with larger
L2C sizes. This trend is expected, as replacement policies have
greater impact when more capacity is available to manage.

Figure 13 (b) evaluates the effect of applying DR-
RIP+DuelCeptron at different cache levels (L1D, L2C, LLC)
across all considered workloads (train and test sets). Applying
the policy at L1D yields no performance improvement due
to the limited size of L1D—consistent with the observations
from varying L2C size in Figure 13 (a). Finally, applying
DRRIP+DuelCeptron at the LLC results in slightly higher
performance gains than applying it at L2C.

F. Comparison with State-of-the-Art

Although the primary goal of this work is not to propose
a new replacement policy, we compare DRRIP+DuelCeptron
with the state-of-the-art, Mockingjay [53], in Figure 14
to assess the impact of incorporating contextual arbitration
against the state-of-the-art. We apply DRRIP+DuelCeptron
at the LLC, similar to Section V-E, matching Mockingjay’s
design point. Across all train and test sets and the unseen
SRV workloads, DRRIP+DuelCeptron matches or outperforms
Mockingjay on all workload classes, with CVP1 being the only
exception. This is notable given that DuelCeptron improves
only the arbitration of a simple, widely-used policy without
any modification to the underlying policy logic.

Mockingjay predicts per-line reuse distance while DuelCep-
tron arbitrates the insertion policy from execution context.
DuelCeptron is more effective where context cleanly separates
cache-friendly from scan/thrash behavior, and less effective
where fine-grained per-line reuse-distance estimation is the
dominant signal. The Al workloads exhibit context-predictable
access patterns that favor contextual arbitration, which ex-
plains their larger gains. Mockingjay degrades performance
for the SRV workloads, while DRRIP+DuelCeptron provides
speedups. This happens because the SRV workloads have large
code footprints with irregular patterns that are poorly served
by per-line reuse-distance estimation, whereas context-based
arbitration still identifies useful insertion behavior.

Mockingjay and DRRIP+DuelCeptron also differ in stor-
age overhead. Mockingjay requires 31.9KB while DR-
RIP+DuelCeptron needs 4.1KB (1.7KB in the storage-efficient
version of Section V-D)—~7.9x (~18.6x) less—computed
with Equation 1 for the LLC configuration of Table II. Duel-
Ceptron’s cost is set by the number of Leader Sets and WIB
ways rather than by cache capacity, so it barely changes across
cache levels (4.8KB at L2C, 4.1KB at LL.C). This comparison
highlights that improving the arbitration mechanism alone
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Fig. 15: Multi-core evaluation across 400 randomly generated
4-core mixes. Each marker represents a mix.

can close the gap with the state-of-the-art, and points to a
promising direction for replacement policy design.

1) Multi-core Evaluation: Shared LLC contention is am-
plified in multi-core contexts; thus we extend the compar-
ison with Mockingjay to a 4-core setting with Berti as
L1D prefetcher and SMS as L2C prefetcher, similar to Sec-
tion V-C2. Figure 15 compares DRRIP+DuelCeptron with
Mockingjay across 400 randomly generated 4-core mixes (Sec-
tion V-A1l). DRRIP+DuelCeptron outperforms Mockingjay on
370 of the 400 mixes, improving average performance by
9.6% versus Mockingjay’s 3.8%. These results indicate that
contextual arbitration scales with multi-core pressure better
than per-line reuse-distance prediction.

VI. CASE STUDY 2: HARDWARE PREFETCHING

To further highlight CASD’s effectiveness in different SD
domains, we consider as a second case study a work on
prefetching [8]. This work propagates the page size informa-
tion to the lower-level prefetchers, enabling safe prefetching
beyond 4KB physical pages when the accessed blocks reside
on large pages. A prefetcher that exploits this module is
referred to as Page Size Aware Prefetcher (Pref-PSA). The
authors show that incorporating large pages in the design
and the operation of a prefetcher may improve or degrade
performance, depending on the application properties. To
exploit the performance gains offered by incorporating the
notion of large pages in the design of a prefetcher without
harming the performance of workloads that do not benefit
from it, they propose a composite scheme that uses SD
(as presented in Section II) to dynamically select the best-
performing prefetcher between Pref-PSA, which assumes 4KB
pages to drive prefetching, and a Pref-PSA utilizing large
pages of 2MB, referred to as Pref-PSA-2MB.

This section examines whether replacing SD’s global ar-
bitration scheme from this work [8] with DuelCeptron can
provide more benefits due to context-aware arbitration between
Pref-PSA and Pref-PSA-2MB. To ensure a directly comparable
evaluation, we use the same simulation infrastructure, baseline,
and benchmarks used in the original work.

DuelCeptron Configuration. For configuring DuelCeptron,
we follow the feature selection process described in Sec-
tion IV-A3 and Section IV-A4, similar to the previous case
study. Our experiments indicate that the best-performing fea-
tures for this case study are the PC and the Physical
Address (PA) from Table I. Both features use 512-entry
WTs and a 5-bit weight per WT entry. The storage overhead
of this configuration is 1.75KB.
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Fig. 16: Performance comparison between PSA Prefetching with Set Dueling (PSA+SD) [8] and PSA Prefetching with
DuelCeptron (PSA+DuelCeptron). The speedups are computed over the original version of the underlying prefetcher.
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Fig. 17: Impact of PSA+SD and PSA+DuelCeptron versions
of SPP on access latency, coverage, and accuracy.

A. Performance Evaluation

This section quantifies the performance gains of apply-
ing DuelCeptron to this case study. We evaluate three L2C
prefetchers: Signature Path Prefetcher (SPP) [54], Variable
Length Delta Prefetcher (VLDP) [55], and Perceptron-based
Prefetch Filtering (PPF) [30], similar to the original work.

Figure 16 compares the performance of (i) the compos-
ite scheme that uses the context-oblivious SD to dynam-
ically select between the PSA and PSA-2MB versions of
the L2C prefetcher (PSA+SD), as presented in the origi-
nal paper [8], and (ii) the CASD-based composite scheme
(PSA+DuelCeptron) that uses DuelCeptron to drive the ac-
tivation of the PSA and PSA-2MB prefetchers. We perform
this comparison across all SPP, VLDP, and PPF prefetchers.
The speedups of Figure 16 are computed over the baseline
version of the corresponding prefetcher, similar to [8].

Overall, PSA+DuelCeptron outperforms PSA+SD in ge-
omean by 1.5%, 1.6%, and 1.0% across SPP, VLDP, and
PPF, respectively. In all three cases, DuelCeptron consistently
outperforms SD by leveraging contextual information that
enables more informed and timely policy selection. Notably,
for workloads with frequent phase changes, where the optimal
choice alternates between Pref-PSA and Pref-PSA-2MB, Du-
elCeptron outperforms original SD. For example, DuelCeptron
improves SPP’s speedup over original SD by 4.6% and 13.1%
for fotonik3d and cvpl_fpl5 benchmarks, respectively.

The performance gains of PSA+DuelCeptron do not orig-
inate from a single factor but rather from improvements
across multiple dimensions such as timeliness, coverage, and
accuracy, similar to PSA+SD [8]. Figure 17 justifies this by
comparing the impact of SD and DuelCeptron on the coverage,
accuracy, and timeliness of the SPP prefetcher across a few
representative workloads. We use L2C access latency as a met-
ric to assess the impact on prefetching timeliness, as improved
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Fig. 18: Performance of Pacman+DuelCeptron over a baseline
with Pacman+SD [6] as replacement policy.

timeliness directly reduces access latency. Figure 17 shows
that the speedups of both PSA+SD and PSA+DuelCeptron
do not have a single root cause. The dominant source of
benefit varies on a workload-by-workload basis. Perceptrons
correlate program features with which prefetcher (Pref-PSA
vs Pref-PSA-2MB) will be beneficial for the current context,
so the selection switches more precisely when needed. This
is the reason why looking only at the reported averages
across 145 workloads does not provide a clear understanding.
For example, PSA+DuelCeptron outperforms PSA+SD for the
wrf benchmark mainly due to better prefetching timeliness,
while for cvpl_fp15 PSA+DuelCeptron yields better coverage,
accuracy, and timeliness than PSA+SD.

VII. CASE STUDY 3: PREFETCH-AWARE CACHE
REPLACEMENT POLICY

To further highlight CASD’s effectiveness, we consider as
a third case study Pacman [6], a prefetch-aware replacement
policy. Pacman uses SD to handle prefetched lines differently
from demand lines. This is a slightly different arbitration
decision from the previous case studies since Pacman arbitrates
how prefetch and demand lines are managed in the cache.

We replace Pacman’s context-oblivious SD with DuelCep-
tron, leaving the underlying policies unchanged, and following
the feature selection methodology of Section IV-A3. The
selected features are: PC and PC®H(PA>12) from Table L
Figure 18 reports the speedups of Pacman+DuelCeptron over
a baseline with original Pacman+SD as replacement policy.
Overall, Pacman+DuelCeptron improves performance over
original Pacman by 1.9% in geomean across the workloads of
Section V-A. Consistent with our other case studies, the gains
stem from selecting the right policy on a per-context basis,
whereas the context-oblivious global counter of the original
SD selects a single policy across all requests of a window.
This confirms that CASD generalizes beyond a single SD
application: the same framework and feature selection process,
with no change to the underlying policies, yields consistent
benefits across three distinct SD applications.



VIII. RELATED WORK

Our proposal, CASD, provides a modular framework that
can be seamlessly integrated with SD-based designs to en-
hance their effectiveness without requiring changes to the
underlying policies. As microarchitectural designs increasingly
rely on adaptive techniques to sustain performance across
diverse workloads, the role of dynamic policy arbitration
becomes more important; thus, we anticipate CASD to have a
growing impact on next-generation CPU designs.

Cache Replacement Policies. General-purpose policies make
decisions either based on line recency, ignoring prior miss
history [5], [56]-[60], or using past accesses to estimate
reuse distances [31], [53], [61]-[70]. Prefetch-aware policies
distinguish between demand and prefetch requests to improve
cache management. PACIPV [71] proposes a replacement
policy derived from an offline exploration of insertion and
promotion policies using different RRPVs [5] for demand and
prefetched lines. Another line of work explores code-aware
replacement policies, which target workloads with large code
footprints and prioritize instruction lines over data lines in
lower-level caches [51], [72], [73]. CLIP [51], built on top of
SRRIP [5], increases the priority of code lines, Emissary [72]
prevents the eviction of performance-critical code lines from
the L2C, while Bumper [73] correlates commit information
with code line usefulness to keep in the cache only the useful
code lines. Recent work explores cooperative TLB and cache
policies. Chasapis et al. [74] combine a TLB replacement
policy that maximizes the number of instruction hits in the
last-level TLB at the expense of increasing data page walks
and a complementary L2C policy that accelerates data page
walks by prioritizing data translation lines in the L2C over
other line types. These works focus on improving replacement
decisions within a single policy. Our work is orthogonal, as it
improves the arbitration mechanism that selects among com-
peting policies rather than modifying the policies themselves.

Learning-based Predictors for Cache Management. A body
of work [30], [31], [53], [62]-[65] predicts a per-line property
such as reuse distance for a single mechanism. CASD operates
at a different level and is complementary to these predictors.
They differ in function: such predictors estimate one quantity
for one mechanism, whereas CASD selects which of several
competing mechanisms to apply and treats each as a black
box. They also differ in role: such predictors are themselves
the policy, while CASD modifies no underlying policy and
can have such a predictor as one of its competing policies.
Our contribution is not the use of perceptrons, explored by
prior work [25], [30], [31], [62], but making original SD’s
arbitration context-aware while preserving its policy-agnostic,
Leader-Set training. The distinction is also empirical: although
the state-of-the-art reuse predictor Mockingjay [53] is a cali-
bration point, DuelCeptron matches or outperforms it on most
studied workloads at lower storage, as shown in Section V-F.
DuelCeptron leads where execution context cleanly separates
cache-friendly from thrash behavior, Mockingjay where per-

line reuse distance dominates, indicating the two capture
different signals rather than the same one.

Dead Block Prediction (DBP). Prior art [63], [69], [75]-
[84] uses DBP to identify cache lines that will no longer be
reused before eviction, thereby improving cache utilization
and energy efficiency. Early work introduced counter-based
and signature-based predictors that track block reuse patterns
to decide when a line becomes dead [69], [75]. Later studies
proposed sampling-based and history-based methods to reduce
overheads while maintaining accuracy [63]. DBP has been
applied in various contexts, including cache replacement [31],
bypassing [63], and power reduction [79]. Despite extensive
research, accurately predicting dead blocks remains challeng-
ing due to dynamic program behavior and complex access
patterns. While DBP improves replacement decisions by pre-
dicting reuse at the block level, CASD complements DBP-
based techniques by operating at a higher level and selecting
between competing policies based on execution context.

Hardware Prefetching. Spatio-temporal prefetchers rely on
the premise that temporally or spatially adjacent accesses
repeat [13], [14], [33]-[35], [46], [54], [55], [85]-[94].
Other prefetchers target irregular memory accesses [95]-[100].
Runahead prefetchers speculatively execute address-generation
code to prefetch accesses beyond the visibility of the OoO
window [101]-[106]. Our work is orthogonal to hardware
prefetching as it focuses on arbitration between competing
schemes (e.g., prefetch engines as in Section VI).

IX. CONCLUSIONS

This work provides evidence that retrofitting contextual
learning into dynamic policy arbitration significantly improves
decision quality over traditional context-oblivious approaches
such as Set Dueling (SD). We propose Context-Aware Set
Dueling (CASD), a general and holistic framework that en-
hances SD with a predictive, context-aware mechanism that
learns correlations between execution context and policy effec-
tiveness, enabling accurate fine-grained policy selection with
minimal storage and complexity overheads.

We demonstrate the benefits of CASD through DuelCeptron,
a perceptron-based instantiation of CASD evaluated across
three case studies and a diverse set of workloads. DuelCeptron
consistently outperforms conventional SD by localizing policy
selection to the contexts where each policy is most effective.

Workload diversity is pushing adaptive techniques into every
corner of CPU design, making the quality of the arbitration
among them a first-order concern. CASD offers a practical
and extensible path: it evolves SD, a mechanism that has
influenced commercial CPU designs, at kilobyte-scale cost
and without modifying the policies it arbitrates. DuelCeptron
makes two deliberately conservative choices: domain-agnostic
features and a perceptron-based decision logic. Specializing
the features per application domain, adopting a more ex-
pressive learning model, or extending CASD beyond two
competing policies all remain open research questions.
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