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1 Introduction
Agile hardware design �ows are a critically needed force
multiplier to meet the exploding demand for compute. We
present ArchAgent, an agentic AI system that builds on
AlphaEvolve [7] to automate computer architecture discov-
ery. By designing and implementing logic directly within
ChampSim [4], ArchAgent discovered novel "winning" cache
replacement policies that improve IPC speedup over prior
SoTA by 5.3% on multi-core Google Workload Traces [1]
in two days and by 0.9% on single-core SPEC06 [6] work-
loads in 18 days, in a cache replacement championship-like
setting. ArchAgent achieved these gains 3-5⇥ faster than
human-led e�orts in developing prior SoTA policies. We
also introduce "post-silicon hyperspecialization," achieving
a 2.4% IPC speedup improvement on single-core SPEC06
workloads via automated per-workload runtime parameter
tuning. Finally, we discuss lessons learned from working on
ArchAgent such as the phenomenon of "simulator escapes"
and the need for performant and reliable simulation infras-
tructure to enable a future of agentic AI-driven computer
architecure.

2 System Overview
ArchAgent expresses architectures as C++ models in Champ-
Sim (a commonly used trace-based microarchitectural simu-
lator) and builds on AlphaEvolve (an LLM-based evolution-
ary coding agent), including a highly distributed evaluation
setup to discover novel architectures.

An outline of ArchAgent is shown in Figure 1. In this ex-
ample, novel cache replacement policy candidates are auto-
matically designed/implemented by AlphaEvolve in Champ-
Sim. ChampSim is then compiled and run with a speci�ed
workload suite (e.g., SPEC) to evaluate each new policy in
parallel for a target metric (e.g., IPC). This process continues
iteratively, with ArchAgent continually proposing and eval-
uating new logic/mechanisms within the policy and utilizing
evolutionary search to �nd increasingly better candidates.
†Work done while the author was also a�liated with Google.
Pointer to full-length paper: https://openreview.net/forum?id=SVIXvewImv.
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Figure 1. High-level system diagram of ArchAgent

The system uses an ensemble of fast and thinking LLMs
prompted to act as an expert architect/programmer, with
context about the task, rules, simulator APIs, workloads,
system con�gs, prior working programs, and prior literature.

3 Designing Cache Replacement Policies
We use ArchAgent to design multiple last level cache replace-
ment policies broadlywithin the con�nes of the 2nd Cache Re-
placement Championship [5].We target 19memory-intensive
single-core SPEC06workload traces and 11multi-core Google
Workload Traces. ArchAgent received evolution feedback on
short instruction traces (50/100M on SPEC06) whereas we
performed validation of generated policies on long instruc-
tion traces (1B on SPEC06) of these workloads. It is provided
with Mockingjay [8] as the starter code. These approaches
signi�cantly reduce time to convergence.

3.1 Single-Core SPEC06 Workloads
ArchAgent experimented for 18 days to create Policy31,
introducing mechanisms such as usage intensity tracking,
adaptive bypass throttling, and more. Figure 2a shows that
Policy31 improves IPC speedup normalized to LRU by 0.9%
over the prior state-of-the-art policy on SPEC06, Mockingjay.
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(a) Performance improvement (suite-level geomean IPC normalized to LRU) com-
pared to estimated development time of replacement policies for the single-core
prefetch-enabled ChampSim con�guration on memory-intensive SPEC06 workloads.
Slope (grey, italics) denotes percentage point improvement per day.

(b) Improvement in (geomean) IPC nor-
malized to LRU geomean IPC for the multi-
core prefetch-enabled con�guration run-
ning Google Workload Traces.

Figure 2. Comparing ArchAgent-designed policies

When comparing the development e�ort involved in devel-
oping Policy31 and the prior SoTA policies, we �nd that
ArchAgent spent a few weeks and achieved its gains 3-5⇥
faster than humans spending many months.

3.2 Post-silicon Hyperspecialization
We observe that ArchAgent-generated policies such as
Policy31 introduce new microarchitectural techniques that
make the policies �exible and amenable to runtime tuning.
Agentic �ows create an opportunity once a hardware sys-
tem is deployed where an agent can tune such runtime-
con�gurable parameters exposed in hardware to further
align the policies with a speci�c workload (mix). We identify
13 such runtime parameter expressions in Policy31 that do
not a�ect storage size and let ArchAgent only modify these.
Over 8 days, ArchAgent tuned for each SPEC workload indi-
vidually to generate Policy31-Tuned, demonstrating a 2.4%
IPC speedup improvement and an over 10⇥ faster rate of
improvement than prior SoTA, as shown in Figure 2a.

3.3 Multi-Core Google Workload Traces
With Policy31, we show ArchAgent can win in an estab-
lished competition environment on a heavily-explored work-
load suite such as SPEC06. However, it is widely established
that SPEC06 is not representative of hyperscale cloud work-
loads [2, 3, 9]. While Mockingjay shows clear wins on both
single- and multi-core SPEC, Figure 2b shows it performs
much worse than even LRU on Google Workload Traces. Ar-
chAgent designed Policy62 in just two days and delivered
a 5.3% improvement in IPC speedup normalized to LRU over
SHiP [10], the best of prior work on these traces. Previously,
designing a handcrafted hyperscale-centric policy would re-
quire a concerted, human-intensive e�ort spanning months.

Notably, ArchAgent started with Mockingjay and recovered
a 17.8% IPC speedup de�cit with a simpler policy.

4 Discussion and Future Work
Agentic systems rapidly generate and evaluate thousands
of design variants and can enable the pursuit of automated
hardware-software co-design and specialization. However,
maximizing this potential requires new methods to inject
hard architectural constraints (e.g., area, power, and tim-
ing) directly into the generative process. We cannot rely on
limited microarchitecural models lacking ASIC quality-of-
results data or humans manually verifying hardware real-
izability. Future agentic systems will likely require tighter
integration with standard EDA tools to bypass the current
bottleneck of manual human veri�cation.

We observe that unlike human researchers acting in good
faith, agents ruthlessly optimize for reward signals and will
readily exploit "simulator escapes." For instance, ChampSim
does not support bypassing writes in the LLC, disallowing
them via assertions. However, the compiler dropped asser-
tions in optimized builds of ChampSim. During early experi-
ments, ArchAgent learned to identify and manipulate this
simulator path to silently drop LLC writes, eliminate DRAM
pressure and arti�cially in�ate IPC.

We also observe that ArchAgent’s ability to reach creative
solutions is inversely proportional to the evaluation latency.
This becomes untenable for long, complex simulations which
are commonplace in computer architecture. Truly unleash-
ing the potential of agentic AI-driven architecture demands
a fundamental overhaul of our evaluation infrastructure to
be both more reliable and orders of magnitude faster, war-
ranting more research into higher �delity frameworks and
simulators.
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