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ABSTRACT

As computer architecture enters an era where traditional performance scaling has stag-
nated, architects face the challenge of designing increasingly complex chips using feedback
loops such as slow cycle-level simulations and non-representative benchmarks. These are
increasingly out of step with real-world "in-the-field" workloads. This dissertation ad-
dresses the critical research gap in hardware introspection and field-testing by introducing
three heterogeneous systems designed to leverage real-world data for single-thread perfor-
mance gains. The first system, the Introspection Processing Unit (IPU), is a programmable
RISC-V co-processor that enables at-speed hardware introspection and the first-of-its-kind
in-the-field A/B testing for hardware designs. With less than 1% area overhead, the IPU
allows developers to generate per-instruction cycle stacks and track fine-grained component
utilization without specialized silicon, bridging the visibility gap between hardware and
software. Second, NeuroScalar introduces a deep learning framework for cycle-level per-
formance prediction of hypothetical hardware designs on production workloads. Utilizing
a bidirectional LSTM model, NeuroScalar achieves over 95% accuracy in predicting instruc-
tion latencies and 90% accuracy in A/B testing rankings, all while maintaining a mere 1%
overhead on commodity GPUs or utilizing the newly designed high-efficiency Neutrino ac-
celerator. Finally, the State-Aware Heterogeneous Multicore (SAHM) architecture directly
improves performance by specializing individual cores for specific application states (e.g.,
branch-heavy or cache-intensive phases). By migrating programs to cores that match their
current runtime needs, SAHM achieves an average speedup of 15% in realistic settings and
up to 20% in fully loaded systems. Together, these contributions establish a new paradigm
for architectural design where in-the-field analytics and microarchitectural specialization

provide a sustainable path for continued single-thread performance evolution.



1 INTRODUCTION

Architecture design is built upon methods that existed when performance improvement was
“free”: increasing transistor counts and power scaling meant new and more complex designs
could be incorporated with little to no friction. Furthermore, when physical constraints
limited single-core designs, architects adjusted by including multiple cores. Architects
are designing the most complicated chips ever while leveraging little to no knowledge
about what happens with the chips in the field. Benchmarks attempt to represent the real
world workloads; however, computer science is a rapidly evolving field: machine learning
trains on larger and larger datasets, more devices connect to the internet everyday, and
new applications are being developed each minute.

The end of Moore’s Law [152, 18,117,150, 89] and Dennard Scaling [45] has ushered in a
new age for architects. The design constraints now include area, power, energy, and thermal
limits in 3 dimensions from the combination of hundreds of interconnected components.
Currently, the allocation of the budgets created by these constraints are informed by slow
cycle-level simulations of benchmarks, RTL emulation, and the intuition of the architects
built over the decades. It is not working anymore: chip over chip generational performance
has stagnated [36].

To diagnose the reasons for this stagnation, data must be gathered on the individual
components and their interactions, then analyzed to reveal bottlenecks and locations for
optimizations. Architects have data from simulation and emulation; unfortunately, the
data is limited by the fidelity of the simulation or by the time required to gather it (high
accuracy runs on-the-order of weeks for one experiment). This accuracy-vs-time trade-off
is costly because the hardware under test might never see the benchmark it was tested
with run on it once it is fabricated. In this case, any hardware/software co-design that
occurred has diminished returns. Thus, we must be able to gather data from real workloads,

so called in the field, and make sense of it through analysis. We can leverage multicore



heterogeneous architectures to do just that. For this work, heterogeneity can be across
forms of the cores, CPU/GPU or CPU/Accelerator, across ISAs, RISC-V /x86, or across
microarchitecture, specialized branch prediction for example. Each combination gives rise
to different opportunities due to the trade-offs between computational power and control
granularity. Thus, we form three systems; each takes one combination and strives to tighten
the feedback loop from having data to knowing what it tells us and potentially acting on it.

The first system, IPUs, introduce a RISC-V co-processor specifically for introspection,
see Figure 2.1. It reads 32 signals from a host core and executes an analysis program on
them. The output is writ through PCle to memory either for later post-processing or off-
loading. The IPU enables hereto unseen analysis and flexibility from a single performance
monitoring tool. For software developers, it can be used to generate per-instruction cycle
stacks without specialized hardware granting a new depth of analysis to debugging tools.
For hardware producers, the IPU can track component utilization rates enabling a new plane
of optimization through intra-core sharing. For hardware designers, the IPU enables in-the-
tield hardware A /B testing through an embedded FPGA. Now a design can be pushed to
the masses and tested against real world applications in a secure test environment. Design
choices no longer have to rely on slow cycle-accurate simulation; the statistics gathered from
an IPU will make the choice clear. Furthermore, the mature eco-system around RISC-V
means that new analysis programs are not limited to those presented - new analysis can be
developed by anyone. Thus, the IPU improves single-threaded performance indirectly: it
enables better hardware designs for the next commodity CPU as well as providing software
developers new tools for performance analysis.

A second system, Neuroscalar, provides a new methodology in CPU hardware design:
in-the-field testing of a proposed system; see Figure 3.1. A lightweight buffer is fed by the
ROB collecting an instruction trace with a few key features. This buffer is then processed
in epochs of 100,000 instructions through an LSTM machine learning model. The output is

the delta between instruction retire cycles. We further post-process these outputs as an



indicator of A/B testing. Overall, the model is over 95% accurate for being within 1 cycle of
the ground truth delta. This provides for 90% accuracy when predicting when one system
is better than another per instruction. We develop a methodology to use a GPU to run
the LSTM model that utilizes 1% overhead to prevent slow-downs for consumer machines
when performing testing. Furthermore, we develop an accelerator, Neutrino, to process
the LSTM,; it is an 85x improvement in energy efficiency. Thus, Neuroscalar also takes an
indirect approach to improving single-threaded performance: improve the next generation
of CPUs.

The final system, SAHM, optimizes system throughput via specializing underlying
microarchitecture to handle individual application states; see Figure 4.1. SAHM stands
for state-aware heterogeneous multicore. First, we apriori establish a 16-state state space
by binning four key performance metrics into high and low: branch misprediction ratio,
L1 instruction cache miss rate, L1 data cache miss ratio, and L2 cache miss ratio. Then,
while an application is executing, every 100ms we gather these metrics and determine
which state the application is currently in. The application is migrated to the core whose
specialization most closely matches the needs of that state. For example, an application in
a phase where branches are hard to predict would have a high branch misprediction ratio.
This would migrate the application to a core with more area and power devoted to branch
prediction. The limit study found that if we model a 30% speed up when the application
is placed on a beneficial core, one that matches the state, then on average, the program is
sped up 27%. When we test a fully loaded system with migration cost and contention, the
program is 20% sped up. Our migration cost sensitivity analysis showed a little decline
to this end-to-end speed up. Therefore, leveraging program state in this unique way can
provide ample head room in single threaded performance.

These systems enable new insights for architects and software developers. They provide
a new basis on which to make design choices. In the end, each system is a step toward

consistent single-thread performance gains.



Thesis contributions

This works contributions are summarized as follows:

e System design and implementation of a co-processor, the IPU, that is able to per-
form analysis duties without introducing slow down for the user, disturbing normal

program behavior, or altering source code.

e Creation of a system for in the field A/B testing of hypothetical full system designs
via deep learning on either a commodity GPU or dedicated accelerator, NeuroScalar

with the Neutrino accelerator.

e Expansion on application phase behavior analysis and the system design to track and
exploit it. This results in a limit study of the performance improvements available

from a diverse microarchitecture multicore chip: SAHM.

Thesis Organization

The rest of this work is organized by system. Each system has a chapter that reflects
and builds from the research papers that describe them, all currently in the process to be
published [91, 143, 142]. The IPU is Chapter 2. NeuroScalar is Chapter 3. SAHM is Chapter

4. Extra material that does not add to the prose of some chapters resides in the appendices.



2 IPU!. FLEXIBLE HARDWARE INTROSPECTION UNITS

Modern chip designs are increasingly complex, making it difficult for developers to glean
meaningful insights about hardware behavior while real workloads are running. Hardware
introspection aims to solve this by enabling the hardware itself to observe and report on its
internal operation — especially in the field, where the chip is executing real-world work-
loads. Although prior work (performance counters, debug monitors etc. - see related work)
has explored forms of introspection, success has been limited when confronted with three

urgent challenges: 1. Lack of A/B Testing. In modern software development, new features

are tested side by side to collect performance data on live workloads [47, 48]. No equivalent
mechanism exists for hardware. Architects cannot “deploy” or “test” a new feature in the
tield, observe real performance impacts, then decide whether to commit that feature to the

next silicon revision. 2. Obfuscated Hardware. Software developers do not see essential

microarchitectural details, since current tools (e.g., performance counters) provide only

coarse insights and hide the nuances of actual on-chip events [57]. 3. Obfuscated Software.

Hardware designers rarely know how their designs behave under real-world software
usage. Information from in-field use does not percolate back to chip designers. These
issues have become especially acute because both hardware and software are expanding in
complexity. Microarchitects must handle larger design spaces, while software developers
have difficulty optimizing code for intricate, opaque hardware. The recently proposed
Time-Proportional Event Analysis (TEA) module, which tracks per-instruction cycle stacks
(PICS) to aid software optimization using a specialized hardware design [56, 57], argues
performance counters are insufficient.

In this chapter, we revisit hardware introspection with a new approach designed to
bridge these gaps comprehensively. We present a framework that not only offers fine-
grained observability to software but also allows hardware designers to gather actionable

insights in the field, ultimately informing the chip design cycle.



A central question for hardware introspection is: How can we design future chips so that
developers can capture, analyze, and derive insights from cycle-level data in real deployments?
Addressing this involves four key challenges: i) Capturing fine-grained hardware signals
in the field without incurring prohibitive area or power costs; ii) Enabling programmability
so that what introspection is done can be changed at runtime, rather than being fixed in
silicon; iii) Deciding what to introspect on; iv) Controlling the data volume so continuous
introspection does not overwhelm the system.

Our solution, the Introspection Processing Unit (IPU), outlined in Figure 2.1, tackles
these challenges with a philosophy that balances efficiency and flexibility. Each IPU is built
around a tiny RISC-V core placed in close physical proximity to the hardware block (a
“Hardware-module Introspection Target” or HIT) whose signals it introspects. IPUs are
integrated into HITs” physical hierarchy (similar to performance monitors) removing the
need for costly wiring and, at design time, allowing engineers to profligately choose which
signals are worth exposing - up to 32 signals per IPU. Chip designers, at design time, choose
what the HIT is and attach an IPU to it - there can be multiple HITs and corresponding
IPUs on a single chip. We expect HITs to be small - around 3 to 4 mm?. Meanwhile, the
actual analysis that runs on these signals is fully programmable, can be conceived of and
implemented post-manufacturing any time during the chip’s lifetime. From a system-level
perspective, the IPU appears as a small PCle device, providing a logical FIFO to send
introspection outputs back to the host. This ensures that data volume remains manageable
and that the host software stack can enforce bandwidth limits if needed. Chip designers
can use software signing mechanisms to control 3rd party introspection for HITs. In this
way, the IPU design forms a practical solution for hardware introspection delivering (i)
efficient at-speed data capture, (ii) flexible analysis that allows rich hardware introspection,
and (iii) low-overhead data handling.

This chapter’s contributions are the definitions, system design, and implementation

of the IPU, including an RTL implementation, that enables such a type of introspective
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Figure 2.1: IPU overview

hardware. To evaluate the IPU, we show 4 case studies using the IPU along the 3 key
problems.

e A/B testing. To address the lack of A/B testing for hardware, we demonstrate how the
IPU can be used to evaluate a state-of-the-art entangled prefetcher [121]. Specifically, the
IPU allows chip designers to emulate and evaluate a new prefetching algorithm on real
workloads running in production systems—without modifying the hardware pipeline or
incurring runtime slowdowns. This form of in-field evaluation enables comparative testing
of candidate microarchitectural features. While fundamentally different from software
A/B testing due to fabrication cost and rollback limitations, the IPU provides a practical
mechanism for lightweight, post-silicon experimentation with hardware behaviors via
introspection programs.

e Obfuscated hardware. Recent work has shown that per instruction cycle stacks (PICS)

provide extraordinary insights into hardware behavior and opportunities for software
optimization, way beyond traditional performance [56, 57]. However the implementations
require specialized hardware to implement PICS. We show that PICS can readily be imple-
mented as a program that simply runs on our IPU, with inputs being easy to access signals
of the processor’s microarchitecture. In essence, we show that an IPU achieves the functionality
of the specialized PICS hardware implementation while being programmable.

e Obfuscated software. Conversely, hardware designers cannot observe enough about




the software. In the case of GPUs this becomes quite acute. In spite of their extensive
performance counters and profiling libraries, GPU designers have little in the field data
about the software being run on their chips. We show that by collecting fine-grain cycle-
level hardware utilization rates of key streaming multiprocessor (SM) components through
an IPU, hardware developers can observe opportunities for overlapped execution.

e Value histograms. In addition to these exemplary case studies, activation values from

fully connected layers within machine learning can be gathered by an IPU via a histogram.
This transparently and without slowdown enables software developers to study whether
their models are suitable for other data formats.

In addition, the IPU is capable of providing the functionality of recent work like on-
chip power estimation [151], historical works on data logging[24, 23, 15], monitoring
engines|[85, 50, 38, 28, 38], and specialized support for debugging and watchpoints [58] to
enumerate a few.

Our results show the IPU executes each case study correctly, capturing the functionality
of a specialized design. Second, it demonstrates IPUs achieve introspection capability
infeasible with existing techniques. Third, it is efficient - the area overhead is < 1% and
power overhead is < 25mW, corresponding to < 1% in the worst-case of the IPU being
always active (with something as simple as 10% sampling, the overhead reduces by that
factor). Our results span 15 SPECCPU benchmarks, 135 Champsim traces, 21 Gemm
shapes, and 4,000 activations covering both CPU and GPU uses. The simulation testbed,
IPU RTL, and introspection code will be released for others to build upon as an artifact.

It is important to clarify that the IPU architecture is not a collection of custom, per-use-
case monitors, but a shared, programmable unit that runs different introspection binaries
over the same general-purpose hardware. Across all four case studies, the same IPU variant
can be used without modification. This programmability allows chip designers to explore
hardware behavior in the field with significantly more flexibility than fixed-function PMUs.

For example, our prefetcher emulation case study (Section 2.5) implements decision logic to
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test new algorithms on live workloads—functionality that is fundamentally infeasible with
PMUs. While end users may not directly interact with IPUs, the design targets chip vendors,
system integrators, and firmware developers who routinely require deep observability in
controlled environments. The IPU provides them with a secure, low-overhead mechanism
to introspect post-silicon behavior with new kinds of insights, ultimately informing the
evolution of hardware design.

This chapter is organized as follows. An overview of the IPU and surrounding system
is provided in Section 2.1, software and hardware architecture are detailed in Section 2.2
and Section 2.3 respectively. Evaluation methodology is in Section 2.4, and our results with

the four case studies are in Section 2.5. Section 2.6 covers related work.

2.1 System Overview

We provide a full overview of the software and hardware components of an IPU as shown
in Figure 2.2 before providing the details in the following sections. To provide some context,
we outline two types of introspection needed. First, for simplicity one that can be done in
other ways as well. Consider the outputs of a Tensorcore every cycle. One introspection

program is to build histograms (say 1024 equal-sized bins) of distributions of values as
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they are produced. The data producer would be Tensorcore, the signals are its output
values, and the IPU would run instructions every cycle to determine the bins those values
belong in. The histogram could be sent to the host’s memory every 1 million cycles. Second,
considering A/B testing - an introspection program could be instruction prefetch logic,
with the data producer being a CPU’s front-end block, with one signal - the current PC
being fetched. The introspection output is the effective miss-rate and accuracy.

The programs run on the IPU that perform introspection we call “introspection binaries”.
The term “user program” refers to an application that runs on the chip - like web-browser,
Photoshop, DL inference, etc. Introspection programs analyze user programs.
Hardware. The Introspection Processing Unit (IPU) is a modular design built around
a simple in-order RISC-V core. Inclusion of common analytics functions beneficial to
maintain speed creates the IPUyit.. The IPU,,, has soft logic for finite state machine
traversal introspection programs as we detail in Section 2.3. An IPU is responsible for
monitoring an individual hardware component of the underlying chip: the Hardware-
module Introspection Target (HIT). Our design associates one IPU per HIT (Figure 2.2(a)).
Examples of possible HITs include individual sub-modules within a core, L2 controller,
GPU SM sub-modules, a CPU core etc. The IPU will be flattened into the hierarchy of
the HIT for placement and routing (P&R) purposes (Figure 2.2(b)). The IPUs are also
connected to the underlying chip’s on chip network (OCN), which is used to transfer
produced introspection information out of the IPU. Introspection programs output small
packets at long intervals (e.g. 1 million cycles) so the generated traffic does not impact the
user program’s performance.

Runtime View. The runtime view of a program is cascaded in Figure 2.2(c) with time
flowing downward. The IPU driver exposes an API to configure and load the introspection
code. The user application can specify what regions to analyze (e.g. specific tensor address
regions). Once configuration is complete, the user application begins execution. On each

data input to the IPU, it determines if the data is within the region to analyze. If so, the
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introspection program executes on said data. While analysis is on-going, any further
incoming data is dropped. Therefore, introspection programmers must be cognizant of the
data rate specifications from the hardware designer. Once analysis execution completes,
the IPU awaits the next data. In most introspection programs, outputs occur at intervals
through a logical FIFO (Figure 2.2(e)). Once the user application ends, the IPU output can
be post processed and, finally, exported onto disk or into the cloud.

System Architecture. The system architecture (Figure 2.2(d)) includes an API to expose
IPUs and the IPUs themselves. At runtime, the IPU appears as a PCle device programmable
via a simple API, allowing hardware and software developers to download introspection
programs. Each IPU is physically tied to its hardware block, and secure code execution is
enforced via certificate-based code-signing using public/private key infrastructure, similar
to Android/iOS app stores [7, 1]. This enables a secure, app-store-like model where trusted
introspection programs—authored by chip designers, researchers, or developers—are
deployed through configuration API calls.

Privacy. Figure 2.2(e) presents an abstraction to understand the IPU’s privacy and se-
curity implications. An IPU, by design, cannot inject signals into the hardware HIT; it
only accepts binaries and meta-data as inputs and emits introspection data. Integrity of
binaries is addressed via code-signing. Richer program analysis techniques inherently risk
leaking microarchitecture details—PICS [57], for instance, reveals bottlenecks that reflect
design decisions—as earlier shown by Desikan et al. [41] using performance counters.
The central privacy question is what unintended inferences introspection might allow;
for example, end-users learning undisclosed HIT details. To mitigate this, we propose
three policy modes: closed, where no third-party introspection is allowed; restrictive,
requiring source-code review before code-signing; and permissive, permitting introspec-
tion from credentialed developers. These policies are enforced during code signing, with
designers leveraging HIT semantics for decision-making. Techniques such as program

verification [92], trace wringing [33], local differential privacy [44, 26, 29, 144, 53], and
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secure multiparty computation [82] offer potential for future formal guarantees. A subtler
issue involves using HIT,, introspection to infer data about unrelated HITs or chip-level
behavior—akin to side-channel attacks or industrial espionage, and while possible, the
IPU’s risk is comparable to existing interfaces like performance counters. Our system-level
API ensures strong user privacy by streaming only introspection data, without host state
access (e.g., IP or MAC addresses). Lastly, trust between chip vendors and users remains a
broader concern not unique to IPUs; telemetry and diagnostics (e.g., performance counters,
JTAG) are often disabled in untrusted settings. CPUs and GPUs support confidential
modes that disable monitoring, as with NVIDIA Hopper’s secure execution mode [111],
and Intel’s diagnostic firmware requires signing. Similarly, IPUs can support SKU vari-
ants or boot-time configurations that disable hardware or introspection paths entirely. In
untrusted deployments, IPUs would be disabled, aligning with industry norms and not

detracting from their value in trusted or OEM-controlled contexts.

2.2 Software Architecture

This section describes the software implementation on top of IPUs with a deep dive on
introspection programs. These programs, called “introspection binaries”, include code
that will be run on an IPU. The collection of IPUs on chip appear as a single PCle device
with distinct memory mapped areas for each IPU. The IPUs also expose a host API for
configuring what introspection binary to run and the trigger logic. “User program” refers

to an application that runs on the chip (CPU or GPU) - like web-browser, DL inference, etc.

Programmer’s Model

An IPU is a programmable RISC-V core with a unique interface: 32 named inputs per
execution. API calls configure which regions of the user program are analyzed. A small on-

IPU memory is available, and the introspection program runs once per input set, repeating
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if new data arrives or idling otherwise. Post-processing can be performed at program end
before offloading results.
Data & Transfer Semantics. A HIT’s signal interface to these 32 named values would be
exposed to users through a formal documentation like an ABI Spec specifying semantics
of signals and data arrival rate. Introspection developers must ensure that the HIT signal
production rate matches data processing speed in the IPUs, or use sampling, or be cognizant
that some data will be dropped if there is a mismatch. Introspection binaries are able to
transmit data via host-memory mapped into the IPU’s address space. The IPU can then
issue simple memory instructions to the unit’s memory hierarchy that are then transparently
routed to a region in host memory. Using this, we can create a store for introspection results.
One might ask why we don’t add input buffers to avoid dropping data when the IPU is
busy. While small buffers delay overflow, they cannot prevent it if the introspection rate is
slower than the data arrival rate—by Little’s Law, loss is inevitable without stalling the HIT,
which our architecture prohibits. Thus, the IPU drops inputs when active, and introspection
programs must be designed with this in mind, using sampling, aggregation, or exploiting
event sparsity. Though the IPU runs at 2 GHz in 7nm, HIT modules may run faster (e.g.,
3-4GHz). We do not require clock synchronization; instead, we support three modes:
(1) Accept reduced fidelity via sub-sampling (e.g., 1-in-2 cycles); (2) Use a fast buffer for
asynchronous, windowed processing; or (3) Restrict introspection to low-frequency phases

or optimize the IPU for speed.

Software API and Execution Management

For configuration, the IPU exposes a minimal host-side API which are facilitated via
memory-mapped I/O to the IPU. To configure a binary for execution, IPU_CONFIG_IMAGE(image)
specifies that an IPU should load a given introspection binary image. To configure when
analysis begins, IPU_CONFIG_START (addr) sets the IPU to begin processing new data when

the program to be analyzed reaches addr. IPU_CONFIG_STOP(addr) similarly sets when
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Signal ‘ #Bits ‘ Reg ‘ Semantics ‘ Rate
itlb-miss 1 x0 Instruction TLB miss flag 1
icache-miss 1 x1 L1 Icache miss flag 1
recycle 1 x9 | Recycle ROB unique IDs flag | 1
fetch-pc-head | 64 | x11 Next PC to be fetched 1

Table 2.1: Partial ABI Spec. Rate measured in cycles between data points.

to stop processing new data. To enable fine-grained analysis we expose IPU_PAUSE()
and IPU_RESUME() to pause and resume introspection execution. Finally, the command
IPU_FINALIZEQ) instructs the IPU to execute any clean-up code necessary for the introspec-
tion program. The API resembles CUPTI [110] or Linux’s perf_event [49], allowing either
a harness process to transparently configure and trigger IPU execution, or user binaries to

use PAUSE/RESUME for fine-grained control.

IPU Program Lifetime

This section is an end-to-end example. The HIT is a CPU core and analytics code develop-
ment is under a closed policy - the CPU core designer will also write the analytics code.
The analysis is PICS generation; the Obfuscated Hardware case study (Section 2.5) - we
encourage the reader to skim that first.

Pre-Fabrication. As part of the design of the CPU core, up to 32 signals are chosen to
connect to the IPU - based on important signals in the microarch pipeline. No information
needs to be released to the public because of the closed policy; yet, an internal ABI Spec
would be created to facilitate analytics code development. A partial ABI Spec is seen in
Table 2.1. Prior to verification, the IPU is flattened into the core layout and the HIT-IPU
connections are made as outlined in Figure 2.2. A subtle issue is that the HIT designer
needs to determine what the important signals are - by providing up to 32 we give them
freedom to be profligate to allow rich analytics post-manufacture.

Development. With the ABI Spec defined, the analytics code can be developed, which is

the PICS generation in our example here. To this end, the CPU designer references the
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ABI Spec for each of the 17 signals necessary and identifies which input registers they are
connected to. A portion of the code handling the instruction TLB miss event is shown

below:

_main: regtimer 50000, psv_loop
psv_loop: beq x0, 1, itlbm m

beq x1, 1, icache miss; x1 is a HW inp sig

itlb_m: hash rl, x12; x12 is an HW inp sig
1d r2, r1, O

addi r2, r2, 0x40

st r2, r1, O

ret

In the development a 400,000 cycles sample rate is chosen to limit the output load; this does
create approximation error which the CPU designer tests and finds it within acceptable
limits - the overall PC ordering by most cycles used is correct. The CPU designer releases
the analytics binary, output location, approximation error, and if a region of interest can be
chosen onto the app-store.

Analysis. Now, a SW developer has encountered unexpected slowdowns in their applica-
tion and wants to profile it. They can download the PICS generation binary on the host.
The listing also indicates that output will be put in a file in disk and that the user can
optionally specify a region of instructions to analyze. They include a few API calls at the

top of their program source:

IPU_CONFIG_IMAGE("PICS-generation")
IPU_CONFIG_START(ROI_BEGIN)

IPU_CONFIG_STOP(ROI_END)
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PC | EventCombination | Number of Cycles
0x7912d0 | DTLB miss, DCache Miss 50000000

0x80dda0 Branch Mispredict 200000
Table 2.2: A few rows of the output file from PICS generation analysis.

from OCN from HIT  from HIT to OCN
| [ | \ wvt32 4

A 4 A4 A4 Vv
[Status | [TS ]| TE] |AD‘DR |
HITO HIT2 Trigger |l 32b activate
IPUO IPU2 SRR

Soft-logic

HIT3 Eight RISCV Core
64 x 64b (EP)

BRAMs
32KB Spad
2048x128b PU

(b) IPU Architecture & Organization (c) Interface

HIT1

(a) Stylized physical view

Figure 2.3: IPU hardware architecture.

<program code>

ROI_BEGIN and ROI_END are the beginning and end of the region of interest where the
developer believes the slowdown to be. Essentially it sets the respective Program Counters
as the address to monitor for activating the IPU.

Post-Analysis. The output file has a list formatted as in Table 2.2. Produced by host code,
monitoring the IPU’s introspection program. The developer uses the results for application

performance tuning.

2.3 Hardware Architecture

A chip can have multiple IPUs. Each IPU observes hardware signals from its corresponding
HIT and runs introspection binaries on those signals as stylized in Figure 2.3(a). The IPUs

use the chip’s OCN, which enables them to transmit introspection outputs (which are
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infrequent) to and configuration from the host. The collection of IPUs is visible as a PCle
device and uses PCle to interface with the host; each IPU is distinguished through distinct
memory mapped regions. If the chip lacks an OCN, some form of network which connects
the IPUs to the PCle interface must be added as well.

Configuration of an IPU occurs through an API call:

IPU_CONFIG_IMAGE (image). This bundles the introspection binary (and trigger logic meta-
data - details in Section 2.3) and sends it to the appropriate IPU based on a given hardware
device ID.

Interface overheads. HIT-IPU connections are short because the IPU is flattened into the
HIT during P&R. Therefore, wiring overheads are negligible. Depending on the signals in
a HIT and what the HIT itself is - there could be timing issues that can be addressed with
standard buffering techniques used for performance counters. Consider a square HIT that
is 2mm?. At a simple level, signals might need to traverse 2.8mm (half the perimeter of
the HIT) to reach the IPU logic. To avoid timing issues for a high frequency design, one
flip-flop might be necessary. Since this “far away” signal is buffered by one cycle, it implies
all signals of this HIT — IPU must be buffered. HIT designers can use P&R feedback to
judiciously select signals to avoid /minimize this.

There is no type of cross-chip wires. IPU configuration and output transfers occur
over the chip’s OCN and PCle; both transmit small packets at long intervals meaning the
traffic is negligible. We acknowledge, that even this meagre PCle introspection traffic can
introduce QoS and interference leading to non-linear slowdowns. Optimizations to this
traffic management are future work.

Hardware organization. The IPU architecture comprises of four baseline components:
a programmable core, a scratchpad SRAM, 32 input registers (IORegs), and 3 trigger
registers: Trigger Start (TS), Trigger End (TE), and ADDR. The Trigger logic looks at
the ADDR signal from the HIT along with TS and TE (programmed using API calls) to

control when the IPU becomes active. This is shown in Figure 2.3(b) while the interface
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Figure 2.4: IPU Microarchitecture showing datapath and control-path changes

is laid out in Figure 2.3(c). To concretize the architecture, we select some sizes for these
components: the core is 32-bit RISCV core (RV32I instruction set) using a data-SRAM and
an instruction-SRAM; the scratchpad is 32KB.

Execution Model. An IPU has a 4-bit STATUS register, putting it in 6 states: PAUSED
(P), ACTIVE-PAUSED (AP), ACTIVE-RUNNING (AR), FINALIZE (F), ERROR (E), and
UNDEFINED (U). Its program structure includes 3 predefined program regions: init,
_main, and end. Borrowing from the simplicity of micro-controllers, init is hardcoded to
instruction memory address 0x0. The entire instruction memory is 8KB which amounts
to 2048 instructions long. On power-on, PC is set to 0 and starts executing the code in
init. By convention, finish is hard-coded to be 16 instructions from the bottom of the
instruction memory at 0x7F0. When the IPU is set to the finalize state, it executes code in
the finish function and transitions to the PAUSED state.

The execution model of code on an IPU is data-driven, i.e. when new inputs arrive the
_main function is called if the IPU is in the ACTIVE-PAUSED state. If it is running code
triggered by previous input, it will be in the ACTIVE-RUNNING state - data received when
in this state is dropped. Whenever we show a datapath of X bits for the IO registers, there
is an implied additional valid bit associated. This bit is used by to determine whether new

input has arrived.
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Figure 2.5: IPU,,,, soft-logic design

Microarchitecture. We design two IPU variants for different regions of the analysis-vs-data-
rate design space. IPU;¢. is a compact, cacheless RISC-V core with built-in primitives like
histograms, loop counters, and hash functions for efficient, low-complexity introspection.
IPU,,., augments the RISC-V core with soft-logic—a lightweight embedded FPGA with
configurable logic blocks and small BRAMs—enabling complex, high-throughput analysis
tailored at runtime. It interfaces via memory-mapped registers and supports introspection
programs that bundle RTL logic alongside control code. Each IPU is embedded with its
associated HIT and communicates via the OCN, avoiding long wires and limiting system
traffic due to low data rates. Multiple IPUs scale well: 5 IPU,,,, and 10 IPU;;. consume
just 0.65% of a 200 mm? die, and even full coverage across GPU SMs stays under 1% chip

area overhead.

Limitations

While the proposed IPU framework demonstrates significant potential for addressing key
challenges in hardware observability, we acknowledge certain limitations inherent in our
study and design.

Workload Coverage. The case studies utilize specific benchmark suites and traces (SPEC-
CPU, CVP2 traces, GEMM kernels). While diverse, these workloads may not fully represent
the breadth and complexity of all potential in the field applications where IPUs could be

deployed.
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Figure 2.6: IPU System Testbed Flow for emulation

HIT Signal Selection. The utility of an IPU is fundamentally dependent on the foresight
of chip designers to expose relevant and sufficient signals from the Hardware-module
Introspection Target (HIT) during the initial design phase. The process of selecting these
signals remain a practical consideration, which is substantially ameliorated by encouraging
designers to be profilate in the number of signals to expose for HIT.

Security Guarantees. We propose policy-based access control and code-signing mecha-
nisms to manage security. However, any introspection mechanism inherently increases
the potential attack surface for information leakage as noted earlier. The development
and formal verification of robust security and privacy protocols represent an important

direction for future research.

2.4 Evaluation Methodology

To empirically evaluate the IPU, we conduct four case studies that we briefly describe in
the introduction. Each demonstrates the IPU’s ability to resolve 1 of the 3 problems: in the
field A/B testing, obfuscated hardware, and obfuscated software. Table 2.3 describes the
emulation and simulation testbeds we built.

Emulation and Simulation testbed. Our four case studies span prefetch engine (Champ-
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Case Study A /B Testing Obfuscated HW | Obfuscated SW | Value Histograms
Benchmarks 135 Traces 15 Spec17 21 Gemms 20 GB/4k Activations
Simulator Champsim Gemb SE AccelSim PyTorch
Config Matching Entangled Prefetcher TEA QV100 Model arch values only
#lines of IPU code 300 Verilog 75 2 2
#bits into IPU 64 215 4 64
#signals from HIT 2 17 3 1
Rate (GB/s) 26.88 8 0.5 8
Output size 3B 6B 4B 384B
Output timing (cycles) Program 400k 256 32k
Rate per HIT (1/s) approx 0 15KB 15.6MB 8MB

Table 2.3: Methodology configurations

sim [54] simulator), core-microarchitecture (GEM5 [13] cycle level simulation), GPU
cycle-level simulation (AccelSim [71]), and GPU values (at architecture level and hence
simulated at PyTorch level). We built an IPU emulator for code development and to
determine correctness of our introspection. For performance (time), we developed a co-
simulation environment that adds an IPU simulator into Champsim, Gem5, and Accelsim
(left Figure in Table 2.3). For area and power, we implemented RTL (and then synthesized)
which was verified with an emulator for correctness. Table 2.3 also shows the number
of lines of code for the _main function of each introspection program. Since the values
histogram is essentially processing values which are part of architecture state, its simulation
is done entirely in PyTorch. Overall, we have more than 171 applications simulated.

RTL Implementation. We implemented IPU,,;, and IPUy;¢. in Verilog. Our implementa-
tion was verified for many input values against the introspection reference implementation.
We use the AsAP7 7nm educational PDK [27]. For SRAMs we use CACTI scaled from 32nm
to 7nm per [137]. We implemented our soft-logic using the FABulous design flow [73] to
estimate area and power, and their synthesis flow for utilization. To determine soft-logic
power, we used data from the reference introspection execution to create input traces. We
used ASIC process flow of synthesis (DC Compiler/Primetime), APR(Innovus), and VCD
based power estimation obtained from Netlist simulation of all case studies. The max

clock frequency for the soft-logic and IPU,,., is 1.3 GHz and 2 GHz for the RISC-V core i.e.
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IPU\ite. The HIT signals we need are described in the case studies and we show that the
signals are readily available for any reasonable implementation of a GPU or core. The first
two case studies are on a CPU and the third case study is on a GPU. To do comparison, our
references are: a CPU Zen2 4-Core Complex [135] which needs 31 mm? area and consumes
4 watts of power [31] and a GPU SM that uses 3.475 mm? [86] of area and consumes 1 watt

of power [161, 69].

2.5 Case studies

We now describe 4 case studies resolving the 3 key problems while spanning CPU and
GPU and covering different HITs and signal types. We emphasize that an IPU accurately
captures each case study: enabling A/B testing that is impossible currently, constructing
disruptive PICS stacks without dedicated single-function hardware, and gathering in
the field characteristics of GPU utilization. Figure 2.7 shows which hardware signals
are connected to the IPU. Figure 2.8 depicts a utility result for each case study. For each
case study, we cover the key problem, how our use is exemplary of the problem, what
utility the introspection holds, and where applicable present a quantitative comparison,
the design of the introspection code, the area and power, and whether any data is dropped
and its effects on accuracy if so. An overview of the interface width, code length, and
output characteristics is shown in Table 2.3. For context, PCle bandwidth for A100 is 32
GB/sec [108]; our introspection output never exceeds 2.0 GB/sec.

This reflects worst-case raw output bandwidth under sustained introspection. In prac-
tice, IPU outputs are small and sparse—our case studies show useful analytics from just a
few bytes every hundreds of thousands of cycles. Results are meant for in-system use: the
GPU case study emits short utilization histograms, not full traces; the PICS study sends
only aggregated delay signatures. Further aggregation or selective export would be done

locally, avoiding raw trace streaming to the cloud.
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PCs \ Fetch, Dispatch, LSQ, Head, Flush, Commit

Control bpred mis-speculate, exception, recycle, ROB-empty, SQ-full,
Sigs memory violation, iTLB miss, iCache miss, dTLB miss, dCache miss, LLC miss

Table 2.4: PCs and Control Signals for Obfuscated Hardware case study

Core| L1iCache ||||Core Pipeline Stages SM | Scoreboard SM | L1 dCache
Address Fetch Control Commit- | Active
| [0 ] | PC P Sigs PC Sigs
o [ addr || x11 to x16 | [x0 to x10 (1 bit)| [addr] [ x0 tox2 (1 bit) | Drop&Split block, converts
(a) in-the f'?ld | | | | X 256b into 4 16-bit wires
A/B Testing (b) Obfuscated Hardware (c) Obfuscated Software:  (d) Value Histogram

Figure 2.7: Case studies interfaces. (b)PCs and Control Sigs listed in Table 2.4. (c)Active
Sigs are for the tensor core, SIMT, and memory subsystem.
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Figure 2.8: Utility results of the four case studies. (a) Relative error for each metric in
prefetch emulation in-silicon across 135 workload traces. (b) TOP-10 PICS for NAB and
Libquantum benchmarks, showing instruction contributions to exposed cycles. g dcache
miss, g Drain- SQ full, g Icache miss and Dcache miss (c) Cycle-level GPU utilization.
SIMT, g Tensor Core, g higher level memory, g SIMT sorted by utilization. (d) Distribution
of weights for 3 benchmarks. Yellow is more similar; brown is less similar.
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Figure 2.9: Organization of the soft-logic block for prefetcher

In the field A/B Testing

A chip designer cannot directly compare the effectiveness of hardware designs through
deployment tests; this is unlike some software that deploys multiple designs and analyzes
each for their effectiveness in real-world situations. It would be a hazard to have applications
run on designs under test, so a tool to emulate the design’s effectiveness while execution
continues using the hardware made at manufacture time is ideal: this is complex analysis.
To perform an effective test, all inputs should be captured meaning a high data arrival rate.
Thus, the IPU,,., is utilized.

This case study tests the recently proposed entangled prefetcher [121] via emulating
a form of the prefetcher in the IPU,,,’s soft logic. In one core complex, one such IPU,,,
can be integrated to introspect the front-end of a core. The analysis produces the coverage,
accuracy, and miss-rate for in the field applications. We achieve results within 1.8%,
average of 1%, for miss rate of tests using simulations. This demonstrates that the IPU can
test hardware designs at speed in the field before fabrication enabling unprecedented
analysis of new designs.
HIT & Interface. The HIT is the CPU front end block, and we need essentially one data
signal - fetch PC being issued by the processor core (depending on the decoupled front-end
design, the signal could be different; a virtual or physical address depending on cache

design). The analysis is performed over the entire program so no signal is connected to
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ADDR nor are TS and TE configured.

Introspection Code. Implementing the prefetcher using RISCV code is too slow resulting
in many dropped data (a state-machine traversal is heavily branchy code). Instead, we
implement it on the soft logic and are able to run at one address per cycle with nearly full
eFPGA utilization. The RTL design of the prefetch emulator is shown in Figure 2.9. Since
we cannot inject anything into the HIT, our entangling design assumes that all L1 misses
are L2 hits to determine entangling pairs (we measure the error this introduces). The
execution of memory requests is still correct under this assumption - it does not change the
contents of L1.

Performance analysis. The performance analysis here is simple - the design accumulates
coverage, misses, and accuracy counters in hardware and emits them periodically (every
231 cycles to the host) to avoid overflow. Thus, the traffic to host is minimal.

Simulation methodology and results. In our Champsim testbed we ran 135 CVP2 traces
and compared IPU based prefetch to the original entangled prefetch implementation from
the authors. Our results are nearly identical to the results from the original paper, as the
only difference is the always-hit-in-L2 assumption, discussed below. To measure error, we
compare our statistics to the reference simulation’s statistics.

Analysis of approximations. Figure 2.8(a) shows coverage, accuracy, and miss-rate error
across the traces. For each metric, our always-hit-in-L2 assumption leads to better prefetch-
ing than actual, outperforming on each statistic by less than 5% on average. In cases where
the prefetch stats are high, the initial miss rate was very low (less than 0.25%) so the other
prefetch stats are less meaningful. The Figure shows the distribution of errors in terms in
min, max, and inner quartile. Note that we don’t model cache pollution effects, which our
results show has small impact on accuracy.

Area and Power. The area of an IPU,,., is 0.22 mm?. In comparison to the CPU reference,
this is 0.7% area overhead; power is 20.8 mW, which is around 0.5% of the CPU reference

(Section 2.4). On a chip with a single IPU,,,, instead of one per core complex, the area and
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power overheads reduce to 0.175% and 0.125% respectively.
Takeaway 1. An IPU enables in-field A/B testing of policies on real workloads, allowing behavior

inference before silicon redesign—previously infeasible for microprocessors.

Obfuscated Hardware

Modern hardware hides much of its internal complexity, leaving developers with limited
visibility into how their programs actually execute. Performance counters have proven
insufficient to bridge this gap [57]. Per-instruction cycle stacks (PICS) reveal which static
instructions dominate execution time and what core events occur during each dynamic
instance, enabling significant speedups!. This compute-intensive analysis demands high-
rate signal access, making IPUj—placed per core complex—a natural fit. Unlike prior
work that used dedicated RTL [57], IPUj;. constructs these stacks using its programmable
core as illustrated in Figure 2.8b.

HIT & Interface. The HIT is the core pipeline of a CPU. Figure 2.7(b) shows the interface
as listed in the left table including Control Sigs, which indicate long-latency events starting
in the core. In addition, we have 6 virtual address PC values from 4 parts of the pipeline.
To restrict program regions, users set the TS and TE registers with the fetch-PC connected
to the ADDR register using the IPU APIL

Introspection code. The introspection code has two phases: every cycle we update a
Performance Signature Vector (PSV) which is a bit-mask that indicates which event has
occurred for a particular dynamic instance of a PC. This follows a sequential if-else-if
sequence across all supported hardware events, where if an event occurs in the core
pipeline a load-modify-store sequence sets a specific bit of the appropriate PSV toa '1". If an

instruction is flushed, we store its associated PC value in the IPU’s memory, so that we can

'Due to space limitations, we refer readers to the original TEA/PICS paper for design details [57]. Our
aim here is to match the TEA behavior; the original paper already validates its utility, which we re-verified
using our emulation testbed.
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Figure 2.10: Average of the relative error for the PICS per benchmark in red and percent of
total delay missed in blue

reference it after it commits. Every 400,000 cycles (TEA paper’s design value) we update
PICS which correspond to combining the delays of every dynamic instance of a PC into a
single entry. The introspection code scans through the active list of PSVs to determine to
which PSV we can attribute cycles and sends to the FIFO a payload comprising of PSV (PC
+ signature).

Performance analysis. 215 bits of data are used every cycle in this case study. In the
common case (representing more than 75% of the cycles - our results and traces we obtained
from TEA authors confirm this), no event is triggered when the ROB is sampled (as it isn’t
stalled/drained). In the 25% eventful cycles, typically a single long latency event occurs.
Some times 2 or more events occur when the ROB is sampled (very rarely 3 events, and
almost never more than that). Outside of the cycles where the ROB is sampled, there are
typically 1-3 events in the processor pipeline which need to be processed, triggering 3-9
instructions of code. The introspection output data volume a few bytes of PSV data every
400,000 cycles.

Simulation methodology and results. As shown in Table 2.3, we use a gem5-based
simulation. For the SPEC benchmarks, we ran 1 billion cycles of simulation after fast-
forward 1 billion cycles (matching [57]’s methodology). Two example PICS stacks from
our 15 applications (all of which we generated) are shown in Figure 2.8(b). For validation

of PICS generation, we ran 3 DARCHR microbenchmarks [102] expecting one PC to show up
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in the PICS stack for these microbenchmarks. The resultant PCs are shown below verifying
the generation. One PC has a large cycle-count, showing that is primarily responsible for

performance stalls.

PC | Assembly | kCycles | C Code Line
STL2 causes LSQ Full
4017f6 | mov %eax,(%rsi,%rdx,1) | 127878 |  arr[lfsr].pl=Ifsr
CCH_st causes Branch Misspeculation
401813 | jne 4017f8 | 177 ] if(rand Arr[i])

ML2 causes D-Cache Miss
4017ee | mov %eax,(%rsi,%rdx,1) | 58595 [ Ifsr = lfsr +arr[lfsr].pl

Analysis of approximations. This case study has the notion of dropped data - if an event
is triggered during the PSV generation window of a previous event, we drop that event.
Note that IORegs are designed to hold their “old” data (and drop new data) until the
IPU reverts back to AP state. To understand the impact of this, we used our simulation
testbed to create PICS with simulating introspection code running in 1 cycle vs per-cycle
simulation of the introspection (which can take 8 cycles when two events occur in the same
cycle). Our error metric is defined as average relative error (compared to the single-cycle
version) of the cycle stack height for each PC for each application. Figure 2.10 shows this in
the red bars. Typically the quantitative error is < 3% while a couple of applications show
up to 12% error. In all scenarios the list of PCs and the scale of the cycles contributions to
PICS was correct, which is most important for performance optimizations. In some very
rare scenarios, we drop entire PCs from the PICS stack - when a PC always appears in the
dropped window. The Y-axis shows the percentage of cycles covered by these dropped PC
in blue. By definition these are exceedingly rare and unimportant for performance analysis.
Across our applications, they cover < 0.025% of cycles.

Area and Power. The IPUj;;, has an area of 0.019 mm?. Compared to the CPU reference,
this is an area overhead of 0.06%. Power consumption is 15.0 mW which is 0.38% of the
CPU reference power. On a chip with a single IPU;. instead of one per core complex, the

area and power overheads reduce to 0.015% and 0.095% respectively.
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Takeaway 2. A IPU accurately captures PICS stacks showcasing it address the HW obfuscation

problem.

Obfuscated Software

Hardware designers rarely see how real applications behave post-fabrication, and bench-
mark suites quickly become outdated—especially with fast-evolving ML workloads—lead-
ing to a growing mismatch with in-field behavior. In the context of GPUs, as they evolve [109],
designers would benefit from cycle-level visibility, which motivates using IPUj;. to cap-
ture high-rate, low-complexity insights. IPUj; can generate histograms of fine-grained,
cycle-level activity, revealing mutually exclusive usage patterns. In optimized CUTLASS
GEMM kernels, SIMT Core, TensorCore, and Memory Engine operate in largely disjoint
cycles, highlighting a clear opportunity for overlap and performance gains without extra
hardware or bandwidth.

HIT & Interface. This is a GPU case study, with the HIT for the IPU being an SM scoreboard
block. The data signals are 3 one-bit signals indicating whether the SIMT core is active,
the TC is active, and the L1 cache subsystem is in a state where it is servicing one or more
outstanding requests (MSHRs non-empty status). While GPU hardware is proprietary

the performance counters from NVIDIA Nsight Compute CLI (NCU) count aggregates
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for these signals indicating they are readily available and not disrputive from a design
standpoint. Optionally, the virtual address retiring PC is connected to the ADDR register
with IPU’s software API used to restrict regions of interest. To isolate to a region within a
kernel, PC start and end range be provided to TS and TE. Or it can be run without trigger
to capture this activity for the entire kernel.

Introspection code. The introspection code is a single histogram instruction (optimized
with a loop directive) that runs for 256 cycles receiving new data every cycle. The output
is 3 bytes every 256 cycles, denoting how many active cycles of that unit, which can also be
batched across windows.

Performance analysis. Every 256 cycles, we emit three 1-byte values; thus, introspection
output data bandwidth is 3 * 108(#SMs) / 256 bytes per cycle = 1.7 GB/second at 1.4 GHz.
This frequency of this host traffic can be further reduced by batching in the IPU’s data-store.
By using longer windows the traffic can be further reduced.

Simulation methodology and results. One representative output is shown in Figure 2.8(c).
The top half shows chronologically ordered windows of 256 cycles with the Y-axis denoting
% of cycles in that window where that signal was active. We can see the mutually exclusive
behavior. The bottom graph shows the same data in a histogram format: the windows
are sorted in increasing order of utilization, and we plot the running average up to that
window for the signals. Figure 2.11 post processes this data and presents it in a different
way. We classify windows of 256-cycles into 4 bins: 2 signals high (green), one signals
high (blue), all signals low (grey). Where high mean greater than 25% the cycles in that
window, and low meaning less than 25% of the cycles. We can see that large portions
of time are spent with at least one component of the SM being idle - pointing to further
hardware optimization beyond directions like TMA [109] that have appeared. Other work
has also looked at improving such utilization [157, 20].

Analysis of approximations. This case study uses our histogram instruction in a novel

way, essentially treating each signal as its own bucket and builds a 3-bucket histogram.
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Hence we have very little dropped data - the source of error is the few cycles needed at the
end of a window to write 3 bytes of accumulated statistics.

Area and Power. The IPUy;(. has an area of 0.019 mm? that is 0.6% of the area of the
GPU reference. This case study consumes 24.1 mW of power as determined by Section 2.4
methods. The IPU ;. power overhead is around 3% of GPU reference. If instead the chip
designer included only one IPUy;¢. on the chip, the area and power overheads are 0.003%
and 0.024% respectively.

Takeaway 3. An IPU enables fine-grained, simulation-level GPU analysis in the field, revealing

optimization opportunities in concurrent resource usage.

Value Histograms

Another form of the obfuscated software problem is that ML workloads can perform
well on reduced precision. Recent work has shown arithmetic can play a large role in
energy efficiency [34]. Therefore, gathering distributions tensor activation values can
inform decisions on arithmetic both at design-time and adaptive run-time. In particular, we
determine histograms of values of tensors in deep learning applications to understand inter-
and intra-application differences without needing access to code or model structure. We
demonstrate empirically two results: First, an IPU can obtain histograms of distributions.
Second, we show that distributions have substantial differences between operators and
across operators between applications, showing that data richness is necessary.

HIT & Interface. The HIT is the L1 dCache block. The data signal is 256-bits corresponding
to cache-line writes into the L1 cache (exact width not public), of which 64-bits are used
with the remaining dropped to conserve power and area. To restrict regions of interest in
the program, if necessary, address ranges of tensors which can be extracted from Python’s
API are set to the TS and TE registers. The ADDR register is set to the address of the L1 cache

line write. GPU implementations of GEMMs and other operators in DL do not do partial
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accumulations, hence when data is written to the L1, that is the “final” value of the Tensor.
Introspection Code. The introspection code is a single instruction hash because of the in-
clusion of the hardware histogram unit. It is within a signal-processing-esc loop instruction
that ensures no wait-time between hash instructions.

Performance Analysis. Assuming fp16 data-types, we process 4 elements every cycle, and
populate a 128-bucket histogram with 18-bit integers. Every 32768 cycles, we write the
histogram to host memory, which amounts to 384 bytes. Considering an A100 class GPU
with 108 SMs, operating at 1.4 GHz frequency, the total transfer bandwidth to host through
PCle is 1.7 Gbytes/second, roughly 5% of bandwidth. A wider histogram accumulator,
would increase area of the YPU marginally, but can substantially reduce the PCle bandwidth
needed.

Simulation methodology and results. For results, we produce a histogram per tensor for
the values within around 5000 activation tensors from inference Resnet (batch=16), BERT
(tokens=128) and LLama2 (tokens=64). By considering each tensor’s histogram as a 128-D
vector, we can get inter-tensor cosine similarity. By averaging tensors across an application,
we can also get inter-application similarity. Both of these are shown in Figure 2.8(d). These
show tensors have dis-similarity between applications in their value distributions, showing
application-driven arithmetic optimizations could help.

Analysis of approximations. For high efficiency, we sample only 1/4th of the data, whose
error metric can be defined as average relative error of every tensor across every bucket per
application between sampled and non-sampled. If Hqy; represents the reference histogram,

and Hgqmptea represents the sampled histogram, our error metric is
M 127
( > > abs(Haw, il — Heamptea, i) /Hau, m) /(M % 128)
n=0 i=0

for M tensors in an application. For our three applications this error is 5.9%, 2.4%, and

4.8%.
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Area and Power. The IPUyi;. has an area of 0.019 mm? that is 0.6% of the area of the
GPU reference. This case study consumes 4.7 mW of power as determined by Section 2.4
methods. The IPUy;. power overhead is around 0.5% of GPU reference. If instead the chip
designer included only one IPUyi¢. on the chip, the area and power overheads are 0.003%
and 0.004% respectively.

Takeaway 4. Using an IPU, value histograms are possible without application modification by all
entities in the semi-conductor stack. Furthermore, our analysis shows that values distributions are

highly varied across applications and within, thus showing data richness is necessary and valuable.

Comparison with Existing Mechanisms

Across all four case studies, the IPU enables runtime, signal-level introspection beyond the reach
of fixed-function hardware, tracing tools, or postmortem analysis. We summarize each case
study’s relation to existing tools. In the first, the IPU emulates a candidate prefetcher via
custom logic triggered on memory accesses—something not possible with commercial
tools like Intel PCM, CUPTI, or CoreSight, which lack in-field programmable logic. While
LBA [23, 24] is conceptually closest, it doesn’t support user-defined prefetch emulation in
production. In the TEA case, performance counters cannot implement Time-Proportional
Event Analysis (TEA) [57], which underpins PICS. Unlike prior work requiring dedicated
RTL for RISC-V BOOM, our IPU replicates TEA without RTL changes and with greater
flexibility. Finally, the IPU builds histograms of fine-grained, cycle-level signal states, which
are impractical to obtain via simulation, emulation, or debug monitors due to visibility
limits or high overheads (e.g., 100x slowdown). Profiling co-processors [160] offer partial

alternatives but struggle with non-uniform, fine-grained utilization.
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2.6 Related Work

We define a four-attribute taxonomy to contextualize the IPU in related work (Table 2.5).
Speed measures how quickly introspection can run without disrupting execution; Transparency
indicates visibility into microarchitectural or gate-level behavior—both crucial for all three
key challenges. Programmability captures flexibility for post-fabrication analysis, enabling
A/B testing and handling obfuscated hardware. Accessibility reflects ease of use for hard-
ware/software developers, especially in-field, supporting A/B testing and opaque software
contexts.

Software profiling tools like strace, gprof, and binary instrumentation are well-established,
but lack hardware transparency and suffer slowdown as introspection complexity in-
creases (e.g., instruction count is fast with Pin, memory tracing is not). Performance
counters offer speed and accessibility and are the current state of the art, yet suffer from
limited programmability and visibility—restricted to pre-defined events, with no sup-
port for A/B testing or richer analytics. Techniques such as PGO driven by perf coun-
ters [59, 22, 21, 120, 147, 104, 119, 37, 94, 84, 78] and Intel PT [61] improve program opti-
mization, but address only part of the hardware opacity problem. Debug monitors [66],
including JTAG and boundary-scan, offer deeper hardware access but require physical
connections and cannot capture live software execution efficiently—making them inac-
cessible for typical users. HW emulation platforms like Cadence Palladium [114] and
Synopsys Zebu [118] offer full hardware transparency but are limited to chip designers,
cost millions of dollars, and run at 2-5x slowdown. RTL simulation lowers cost but is
orders-of-magnitude slower and equally inaccessible. Cycle-level simulators improve speed
slightly, but still suffer 100x or more slowdown, making them impractical for in-field use.
Table 2.6 compares IPU to two-SOTA introspection approaches.

The related academic works fall under 3 categories. Along the security angle, DISE
[28], FlexCore [40], LBA[23, 24], and PHMon/Nile [38, 39] focus on triggers based on

events occurring and often run at-speed, however eschewing programmability, accessi-
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Yr | Technique | S|P|T|A
General Approaches
— | SW profiling NI N|N|Y
— | Perf counters Y/ N|pl|Y
— | Debug monitors Y| N|Y | N
— | HW emulation NIY|Y|N
— | RTL simulation N|IY|Y|N
Security
‘03 | DISE [28] N|p|N|IN
10 | FlexCore [40] Y| p|Y|N
‘11 | LBA [23, 24] N|Y|N|N
20 | PHMon/Nile [38, 39] Y |p |[N|N
Embedded Systems
10" | ABACUS’ [90, 133, 42] Y |[p|N|Y
13 | hidICE Verification [10] Y|Y | NN
15 | SOF [76, 77] Y N|p | N
‘16! | AIPHS? [95, 140, 139] Y N|pl|Y
’17 | Enhanced PMU? [128] Y| N|p|Y
18 | NIRM [130] Y| N|N|N
Profiling and PerfMonitors
‘01 | Programmable Co-Proc[160, 97 Y|Y|p|N
‘01 | Stratified Sampling [127] N Y|p|N
‘03 | ULF [156] PlY|N|N
‘03 | Interval Based Profiling [98] NIY|p|N
‘05 | Owl [129] Nip|lY|Y
25 | IPU (ours) Y|[Y|Y|Y

Year of most relevant work *Limited to manipulating event counts
3Limited to architectural traces. p means partial.

Table 2.5: Related work in our 4-axes taxonomy. S (Speed); P (Programmability); A
(Accessibility); T (HW Transparency)

Feature | CoreSight | Intel PT/PMU | IPU
Granularity Trace-level | Event/sample | Per-signal
Programmable No Configurable Full
Control interface | Hardwired MSRs API

Table 2.6: IPU compared to existing introspection mechanisms
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bility, and transparency. Driven by JTAG-like approaches, techniques from embedded
systems, ABACUS[90, 133, 42], hidICE Verification [10], SOF [76, 77], AIPHS [95, 140, 139]
Enhanced PMU [128], NIRM [130], allow at-speed analysis, in general assuming direct
access to the hardware signals - thus lacking accessibility and programmability. Finally,
novel uses of performance counters and profiling have been proposed, which suffer from

lack of hardware transparency[127, 156, 98, 129, 146, 88].

2.7 Conclusion

This chapter presents a detailed treatment of hardware introspection resolving three key
challenges: Lack of A/B Testing for hardware, obfuscated Hardware, and obfuscated
Software . We demonstrate an IPU can execute introspection programs in the field at
real time speeds. This paper’s key contributions are the definitions, system design, and
implementation of the introspection processing unit (IPU) down to the level of an RTL
implementation, including a comprehensive simulation testbed comprising both CPU and
GPU designs. We show an implemented IPU adds < 1% to area and power. The IPU

provides unprecedented insights to hardware designers and software developers.
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3 NEUROSCALAR: A DEEP LEARNING FRAMEWORK FOR FAST,
ACCURATE, AND IN-THE-FIELD CYCLE-LEVEL PERFORMANCE

PREDICTION

The relentless pace of innovation in microprocessor design is fundamentally constrained
by the methodologies used to evaluate new architectural ideas. The gold standard, cycle-
level simulation [3, 9, 12, 17, 43, 116, 126], provides high-fidelity performance data but
suffers from prohibitive performance overheads. For instance, a detailed out-of-order CPU
model in a widely-used simulator like gem5 may only achieve a simulation rate of 0.1
million instructions per second (MIPS), several orders of magnitude slower than native
hardware execution. This bottleneck is exacerbated by the ever-increasing complexity
of modern processors. This, in turn, necessitates a correspondingly larger exploration
of the design space. Furthermore, traditional evaluation relies heavily on standardized
benchmark suites or curated workload traces. While useful, these benchmarks often fail
to capture the dynamic and unpredictable nature of “in-the-field” applications that run
on user devices that result from complex interactions. An ideal evaluation methodology
would therefore possess three key properties: speed approaching native execution, fidelity
matching that of a cycle-accurate simulator, and transparency that allows for evaluation
on real user workloads without interference or noticeable slowdown.

No existing technique successfully achieves this trifecta. The previous system, Introspec-
tion Processing Units (IPUs), provides these three key properties with a crippling caveat:
an IPU cannot evaluate full systems. It can perform A/B testing on the microarchitecture
level, one component at a time — not the architecture or system level. This chapter removes
this caveat through deep learning keeping an IPU-like system architecture: gather microar-
chitecture values as inputs, use a co-processor for analysis, and report back. While prior

work has explored machine learning for performance prediction, notable approaches fall
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short of enabling true in-the-field evaluation. For example, SimNet [80] requires detailed
microarchitectural traces as input, which are unavailable on production hardware for a
hypothetical design. Other approaches, such as TAO [115], pursue the ambitious goal
of learning a general model of processor behavior but focus on “high-level” hardware
trends. This is of limited value to a chip designer as these high-level trends are often
already known. The true secret sauce of modern microarchitecture lies in extreme feature
engineering—subtle choices like prefetcher policies, load-store queue (LSQ) sizing, or the
number of load ports. TAO is ill-equipped to capture the impact of such low-level details;
its authors concede that accuracy suffers on branch-predictor-dependent applications.
Furthermore, its massive model size precludes any practical form of the sampling-based,
in-the-field inference necessary for transparent deployment. This leaves a critical gap:
a methodology to rapidly evaluate how specific, low-level microarchitectural trade-offs
perform on real-world workloads.

This chapter addresses this multifaceted challenge by introducing a novel paradigm for
ultra-fast, in-the-field simulation of new microarchitectural concepts on existing produc-
tion silicon. Our approach is centered on a deep learning (DL) model trained a priori to
perform cycle-level performance prediction. The key insight is to train this model using
only microarchitecture-independent features—that is, features derived solely from the
instruction stream and its data dependencies. During deployment, this pre-trained model
runs on production chips in the hands of users, ingesting instruction traces from the host
processor and predicting the execution latencies of a new, hypothetical microarchitecture.
As even the DL model inference is too slow to process constantly produced data at native
speed, we employ a sampling-based methodology. A lightweight hardware monitor cap-
tures a sample epoch of instructions (e.g., 100,000 instructions), which is then processed
by the DL model. Our model achieves an inference rate of ~4 MIPS on desktop class GPUs
like RTX4090. By tuning the sampling frequency—for instance, sampling one epoch every

75 billion instructions (a 100,000 instruction epoch every ~25 seconds)—we can scavenge
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idle resources from an accompanying GPU, introducing a negligible GPU slowdown of just
0.1%. When using our co-designed 28mW Neutrino in-silicon accelerator, this sampling
rate dramatically increases to an epoch every 4.9 seconds. With an 8-tile design, further
reducing to an epoch every 0.6 seconds, while consuming 230mW.

This framework, we call NeuroScalar enables powerful new modalities for architectural
evaluation. It can be used to gain deep insights into how diverse, real-world applications
perform on a proposed design: an Enterprise Forecaster like a hyperscalar who wants to
understand future chip (their own or from a vendor like AMD, Intel, NVIDIA) on their
proprietary workloads. More significantly, for chip designers (who are not hyperscalars -
Intel, AMD, NVIDIA) it facilitates large-scale design space exploration by allowing multiple
candidate designs (represented by different trained models) to be evaluated concurrently
on live workloads (through Ecosystem Partners), creating the hardware equivalent of A/B

testing. The primary contributions of this chapter are:

1. The design and implementation of a fast and accurate DL model for cycle-level

performance prediction that relies on microarchitecture-independent features.

2. The design of a complete system for in-field evaluation, including a simple hardware
module for trace collection and an ultra-lightweight, 28mW accelerator for the DL
model. This accelerator enables continuous sampling and achieves an 85x energy re-
duction and a 391 x area reduction compared to GPU-based inference, while allowing

a 5x higher sampling rate.

3. A thorough evaluation of the model’s predictive accuracy against a cycle-level simu-

lator.

4. A demonstration of the framework’s effectiveness for design space exploration, where
it achieves 95% accuracy in A/B testing across eight pairwise comparisons of five

distinct processor designs.
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This chapter is organized as follows. Section 2 provides an overview of our approach.
Section 3 details the DL model architecture. Section 4 describes the end-to-end system
design, including the hardware components. Section 5 outlines our experimental methodol-

ogy, and Section 6 presents our results. We discuss related work in Section 7 and conclude.

3.1 System Overview

This section provides a high-level overview of the NeuroScalar system. We frame the core
challenges in processor simulation that motivate NeuroScalar and present our key technical
insights. We describe the end-to-end flow, defining the roles of its users and the practical

use cases it enables.

Challenges and Key Insights

The central challenge in modern microprocessor design is the three-way trade-off between
simulation fidelity, speed, and workload relevance. Traditional cycle-level simulators
provide high fidelity but are excruciatingly slow (often by a factor of 1,000,000x), rendering
large-scale design space exploration impractical. This speed limitation also forces designers
to rely on standardized benchmark traces, which fail to capture the rich, data-dependent
behaviors of the in-the-field applications that users run on a daily basis. This chapter directly
confronts this challenge: how can we evaluate novel microarchitectural ideas with cycle-level accuracy,
at near-native speed, on real user workloads, and with complete transparency to the end-user?
Our solution, NeuroScalar, is built upon a foundational insight: we can decouple the
slow, offline process of detailed simulation from a fast, online prediction phase by using
a deep learning (DL) model trained on microarchitecture-independent features. This
allows a model, trained once by a chip designer in a laboratory setting, to be deployed on
existing production silicon to predict the performance of a different, hypothetical processor.

This breaks the dependency on slow, monolithic simulation for every design change.
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A second key insight enables practical, in-the-field deployment. To be viable, the pre-
diction process must be non-intrusive. While prior work like Simnet and Tao demonstrated
the potential of DL for simulation, their models were often too heavyweight for transparent
deployment. NeuroScalar is explicitly co-designed to be ultra-lightweight. We combine a
compact, 1-million-parameter model with an sampling methodology. Any high-fidelity
simulation requires significantly more computation per instruction than native execution.
For instance, even an idealized linear model on a state-of-the-art A100 GPU running at
100% compute utilization, consuming 300W, cannot process instruction features as fast as a
single CPU core produces them. Therefore, a principled sampling methodology is not a
workaround, but a fundamental requirement for any transparent, in-the-field simulation.
NeuroScalar is architected around this reality. For scenarios without a powerful GPU,
we also introduce a co-designed hardware accelerator that delivers high-speed inference
within a tiny power budget of 28mW at 7nm based on a full RTL and P&R flow. Our
cross-cutting insight is: processor simulation is fundamentally a time-series behavior, which
LSTMs are intuitively well suited, for high accuracy they benefit from a context that is substantially
larger than the ROB size, and a hardware accelerator can be co-designed to match the embedding
dimension of the LSTM to achieve ultra-high efficiency. Specifically feature engineering to preserve
address information, specializing layers for long and short sequences, log-transform to handle the
wide range of output retirement cycles, a sequence length upto 3x larger than an ROB demonstrates

small models can accurately learn using microarchitecture-independent features only.

End-to-End Workflow and Use Cases

The NeuroScalar system operates in a two-phase workflow that involves two key actors:
the chip designer and the end-user. During the offline Training Phase, the chip designer
performs a one-time, offline training process. Using a conventional cycle-accurate simulator,
they generate training data to produce a suite of NeuroScalar models. Each lightweight

model is a proxy for a specific microarchitectural idea (e.g., a new cache prefetch algo-
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Figure 3.1: The NeuroScalar end-to-end workflow, showing the offline training phase
performed by the chip designer and the online inference on the end-user’s system.

rithm or branch predictor), effectively encapsulating a complex design into a portable
neural network. During the online Inference Phase, the trained models are distributed to
end-users. A lightweight tracing mechanism on the user’s machine—either a minor hard-
ware modification or enhancing existing debug interface (e.g., Intel PT)—captures the
required architectural features from running applications. These traces are then fed into
the NeuroScalar model to predict cycle counts for the hypothetical hardware, based on
a sampling strategy. This workflow enables powerful new use cases tailored to different

users.

e For the Enterprise Forecaster: A customer, like a hyperscalar vendor, with proprietary
workloads can use a NeuroScalar model to get a concrete performance forecast for a
future processor on their own applications, all without sharing their sensitive code

or data with the chip designer.

e For the Chip Designer: The designer can now perform massive, in-the-field A/B test-
ing. By collecting anonymized performance reports from opt-in Ecosystem Partners,

they can gain unprecedented insight into how their design ideas perform across a
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diverse, real-world software ecosystem.

3.2 DL Model Theory

This section details the methodology for our cycle-level prediction framework. The data
pipeline encodes each instruction with 13 microarchitecture-independent features. There
are six key properties gathered from an instruction: PC, opclass, mem_addr, src_regl,
src_reg2, and dst_reg. The 64-bit PC and mem_addr are represented as 3 features of 2x22bits
+ 20bits. Registers are represented as a pair (class and number). This accounts for the 13
features. They characterize ground-truth (GT) cycle distributions across benchmarks, and
we mitigate severe target skew via clipping, a logarithmic transform, and an auxiliary two-
way classifier. We then assess four neural architectures with respect to prediction accuracy,
computational efficiency, and memory footprint: LSTM, CNN, SSM and Transformer
based designs. We select an LSTM backbone based on its lightweight architecture and
performance. An LSTM is a recurrent neural network architecture that utilizes a dedicated
cell state and gating structures (input, forget, and output) to selectively manage the flow
of sequential information, enabling it to model long-range dependencies [131] —a good
tit here. Finally, we describe the predictor’s architecture, including a study to identify the
optimal number of LSTM layers, and a unified design that jointly trains the regression and

classification heads.

Data Representation and Preprocessing
Feature Selection

Designing an effective cycle-level prediction framework requires features that not only
reflect instruction-level semantics but also capture execution-relevant microarchitectural
patterns. A central challenge lies in constructing a representation that is sufficiently ex-

pressive to encode spatial locality, operational semantics, and data dependencies, while
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remaining independent of specific microarchitectural configurations. Such a representation
must generalize across workloads and hardware designs, avoid overfitting to architecture-
specific idiosyncrasies, and still preserve information critical for latency prediction.

To address these requirements, we adopt a set of six carefully selected microarchitecture-
independent properties, which together provide a holistic view of each instruction’s execu-
tion context. These key properties are represented in 13 features. These features fall into
two categories: (1) continuous-valued encodings of instruction and memory addresses to
preserve spatial locality, and (2) categorical descriptors such as operation type and register
usage to convey semantic and dependency information. This combination enables the
model to capture both fine-grained numerical patterns and discrete structural relationships,

thereby mitigating the limitations of using either type alone.

Feature Processing and Usage

We next consider how each feature is encoded, transformed, and integrated into the model.

Registers are encoded as a pair: their class and number.

Address decomposition. Given a 64-bit address a, we preserve locality and expose large

jumps by a 3-way split:

bagar(a) = < la/22], [(a mod 22)/2%|, a mod 220> € R’

N~ ~~
upper 22b middle 22b lower 20b

These are encoded as fp32 in order to preserve the entire bit-sequence; fp32 has 23 bits

of precision in the mantissa.
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Embeddings and projections. Categorical features are embedded; continuous features

are linearly projected into the same space:

eip = EOp [Ot]/

err = [Easlc;l; Biaxne;l], j € {dst,srcl, src2),

pc mem mem

ey = wpcd)addr(a}tjc)/ € = wmemd)addr(at )

The instruction vector is the concatenation

_ [e%P. oT8 . oT€& . reg . pcC, 13

Xt = [et 4 et,dst’ et,srcl’ et,src2’ €t s eirlem} e R™.
Sliding window formation. Training data is generated via a sliding window of arbitrary
length N. Given a target segment length R < N, we center the target and use the remaining

positions as context. Let s = | (N —R)/2|. Then

X1:N = [Xlzs || Xs+1:s+R H XS+R+1:N:|/ Y = Vs+1:s+R S RR/ (31)

so the left context has length s and the right context has length N — R — s. The model
predicts cycles for the middle segment using both the preceding and succeeding context.
All features are normalized before training, and the target cycles are preprocessed as in
Section 3.2. This is one of our fundamental insights, creating a very long context, we
found 3x of ROB size, provides accuracy while using only microarchitecture-independent

features.

Ground Truth Distribution

We examine the ground-truth (GT) cycle distribution for ten representative benchmarks:
namd, blender, cam4, deepsjeng, exchange2, gcc, imagick, leela, mcf, and nab. The distribu-

tion for a given benchmark is calculated as the portion of the instructions of said benchmark
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GT Cycle Distribution

namd 59 119 124 01 10 01 06 05 00 0.0 ' 21 70
blender 58 11.1 11.6 01 13 0.0 07 07 00 0.1 1.7 Iﬁo
cama 53 108 11.1 02 11 01 09 12 00 0.0 | 1.1
© deepsieng 50 121 12.0 01 11 02 08 08 00 00 @ 16 R
Eexchangez 55 10.7 11.4 05 15 01 07 08 00 0.1 15 ,40§,
§ gec 50 120 123 01 09 01 06 07 00 0226 _30;%
& imagick 47 97 98 01 08 02 03 02 00 0007 g
leela 51 10.7 105 02 13 02 09 09 0.0 0129 20
mef 54 121 124 03 25 03 08 08 01 0.1 3.4 10
nab 51 106 99 05 36 07 04 04 00 05 3.4
0 1 2 3 4 5 6 7 8 9 10 101000
GT cycle bins

Figure 3.2: GT cycle distributions as percentage of total number of instructions shown per
benchmark - the rows.

that have a specified cycle latency. The distributions are visualized as a heatmap (Fig. 3.2)
where each row is a benchmark and columns represent integer cycle bins from 0 to 10, plus
a long-tail bin covering 10 to 1000 cycles.

Across all benchmarks, the majority of instructions have very small cycle counts (mode
at 0 cycles and high density for 1,2, and 3 cycles), with more than 60%-73% of events
occurring at zero cycles and another 20%—-25% within the first three cycles. Beyond this
dense low-latency region, the distributions exhibit a long but thin tail: bins beyond 10 cycles
account for only 0.7%-3.4% of number of instructions across benchmarks. Events beyond
1000 cycles are exceedingly rare. This extreme concentration in the low-latency region
creates a challenging imbalance: regressors risk being dominated by the abundant short-
latency samples while underrepresenting the patterns that characterize rare, high-latency

cases.

Ground Truth Processing

To mitigate the effects of this heavy skew and improve regression performance, we apply

a logarithmic transformation to the GT values. Concretely, we cap extremes and then
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compress the range:

; = min(y;,1000),  z =log(1+Gs). (3.2)

This compresses the dynamic range of the target variable, smooths the distribution, and
reduces the disproportionate influence of rare high-latency samples, enabling the model to
learn from a more balanced signal.

Furthermore, we modify the regression task with an auxiliary two-way classification
task, in which each sample is labeled according to whether its GT cycle count falls below or

above a threshold. With a tunable threshold T (set to T=10 in our experiments), we define

Ci = 1{y1 > 1} €{0, 1} (33)

This choice aligns with the natural boundary between the dense low-latency region and the
sparse long tail, and the framework allows T to be adjusted for different application needs.
Both the classification and regression tasks are trained jointly, sharing a common feature
representation; this joint optimization enables the classification branch to dynamically
inform the regression head about the likely latency regime during inference, avoiding the
error-propagation risks of a sequential approach and supporting end-to-end learning that
is both more accurate and more flexible in practice.

In summary, our main steps are: Address decomposition, large context, log-transform,
and specialized long/short region predictors which are novel yet simple techniques that enable
a small LSTM to effectively learn microarchitecture performance, without requiring a detailed

microarchitecture trace.

Choice of Models

We formulate cycle-level prediction as a supervised regression problem with a clear in-

put—output association task. Given a window x;.y € RN*13 (Section 3.1), the model



48

Table 3.1: Layer-depth study for the BILSTM backbone. Speed is in million instructions per
second (M instr/s).

LayersL MAE| RMSE| RAE| Acc(round)? =£17 21 rel<b%T Speed (M)T val_loss|

1 0.3623 4.9636 0.1387 0.7948 0.9512 0.9856  0.7998 4.77 0.0290
2 0.3509 4.9386 0.1340 0.7968 0.9533 0.9845 0.8013 4.00 0.0283
3 03579 49984 0.1357 0.7895 0.9520 0.9840 0.7938 3.12 0.0287

estimates the GT cycles for the centered R-length target segment (Eq. 3.1). In other words,
we learn the mapping

fg: RNX13  RR, y = folx1:n),

augmented with an auxiliary two-way classifier that shares the backbone to indicate the
low-/high-latency regime (Section 3.1.3).

To instantiate fg, we evaluated four backbone families - LSTM, Transformer, CNN,
and SSM - covering recurrent, attention-based, convolutional, and state-space designs.
Transformers proved too heavy for our lightweight, real-time setting, while CNNs and
SSMs underperformed. LSTM offered the best accuracy—efficiency trade-off and was

therefore adopted as our backbone. Further analysis is in Section 3.3.

Model Structure

For our regression task — a window of N instruction-level feature vectors serve as the
input and the GT cycles for the central R positions are the output. We now ask: what
computational scaffold most reliably turns contextual instruction streams into accurate
cycle estimates? Our design proceeds in three steps: (i) construct a backbone that faithfully
encodes sequential context seen before and after the target region, (ii) attach task heads
that express both continuous (regression) and discrete (regime) structure of latency, and

(iii) validate capacity via a depth study before finalizing the configuration for deployment.
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Backbone

We adopt a stacked bidirectional LSTM (BiLSTM) as the sequence encoder. Since the
prediction target is the centered segment within a sliding window, both past and future
context are available during training and inference; thus, strict causality is not required in
this setting. The input to the backbone is the length-N sequence of instruction embeddings

from Section 3.1, linearly projected to a hidden size H:

X1:N € RNXH, Xi = Winxt + bin c RH.

The BiLSTM (implemented with batch_first) yields contextualized states by concatenat-

ing the forward and backward hidden vectors:

h, = [LSTM(%,); LSTM(%,)] € R*".
Stacking across time gives
H=[hy,..., hy]" € RN

Then slice the centered target region as the shared representation for prediction, following

the window split in Eq. (3.1):
Hpig = Hs+1:s+R € RRX2H~ (34)

This matches our data formulation (Section 3.1.2), which leverages both left and right

context to forecast the middle region.
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Heads and unified design

On top of Hyiq (Eq. 3.4), we attach (i) a regression head that maps each hidden state to a
scalar cycle prediction, and (ii) a two-way classifier that predicts whether the instruction lies
in the short- or long-latency regime (threshold at 10 cycles; Section 3.1.3). Concretely, the
classifier applies a two-layer MLP with ReLU to produce logits p € R?*2. For regression, we
employ two lightweight heads, gshort and giong, €ach a single-layer MLP from R*" — R, and
select per-instruction outputs by a mask induced from the predicted class. This decouples
local response surfaces for different latency regimes while preserving a single shared

encoder.

Depth study (capacity vs. efficiency)

Under identical training and evaluation settings, we vary Le{1,2,3}. As shown in Table 3.1,
L=2 offers the best accuracy—efficiency trade-off with competitive throughput (4.00M
instr/s) and the lowest validation loss (0.0283). By comparison, L=1 is faster (4.77M
instr/s) but slightly less accurate, while L=3 yields no accuracy gains and incurs higher

cost (3.12M instr/s). We therefore adopt L=2 as the default.

Putting it together

Figure 3.3 shows the final architecture. An input projection aligns heterogeneous features
into a common H-dimensional space; an L=2 stacked BiLSTM encodes the window bidi-
rectionally; the central R embeddings feed a unified head block with a two-way classifier

and regime-conditioned regressors. Unless stated otherwise, we set H=128.

Training and joint objective

Two practical challenges guide our training design: (a) the regression target is heavy-tailed
even after clipping, and (b) the classifier and regressors must share signal without cascad-

ing errors. Thus, we adopt joint training with a single loss that uses the log-transformed
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Figure 3.3: Overall architecture of the proposed LSTM-based cycle predictor.

target z; (Eq. 3.2) and the regime labels c; (Eq. 3.3):

R R
1 I~ 1 ~
L=z E SmoothL1 (Y, log(1+yi)) +A & E CE(pi, ci),
i=1 i=1
~~ 7 S ~~ 7
regression on log-transformed cycles two-way classification
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The shared encoder lets the classifier shape the representation toward regime-discriminative

features, while the regime-conditioned heads prevent a single regressor from being biased

toward the dominant short-latency region. We train end-to-end with dropout on recurrent

layers and early stopping on validation MAE; unless noted, the joint setting is used for all

experimental results.

Accuracy and Downstream Tasks

Our design choices aim to improve predictive performance while remaining mindful of

deployment constraints. Similar to vision models that must operate efficiently on edge

devices, high “raw accuracy” is desirable but not the sole criterion of success. What

ultimately matters is whether the backbone delivers strong performance in the context of
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downstream tasks. A model that achieves slightly higher raw accuracy at the expense of
significantly greater computational cost may provide only marginal benefits for the end
application.

In this sense, our backbone plays a role akin to that of foundational encoders in vision
and video processing. The raw accuracy of such models should be interpreted in light of
their downstream utility. As our results show, although the backbone achieves 70-85% raw
accuracy, it enables downstream tasks—such as selecting between processor configura-
tions across diverse benchmarks—to reach over 95% accuracy. This demonstrates that the

backbone strikes an effective balance between efficiency and task-level performance.

3.3 System Design

To realize the vision of in-the-field microarchitectural simulation, a practical and robust
system design is paramount. This section details the end-to-end architecture of NeuroScalar,
focusing on the two central challenges: the efficient collection of feature traces and the
high-speed execution of model inference. We address these challenges by presenting a
complete data and execution pipeline. First, we describe the mechanisms for gathering
the necessary microarchitecture-independent features, both from a cycle-level simulator
during the offline training phase (Section 3.3) and from live production hardware during
online inference (Section 3.3). Next, we detail two distinct deployment targets designed to
run the NeuroScalar model with minimal overhead. We present a software-based inference
engine optimized for commodity GPUs, designed to scavenge resources transparently. We
then describe a co-designed, power-efficient on-chip accelerator for environments where a

GPU is not available or where dedicated hardware is preferred.
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Collecting Traces for Inference

The first critical component of the NeuroScalar system is an efficient and low-overhead
mechanism for collecting instruction traces from a processor running in a production
environment. This section defines the composition of these traces, details our proposed
hardware solution for capturing them, and addresses the key system-level challenges of

integration and security.

Trace and Epoch Definitions

For the NeuroScalar model to predict performance, it requires a stream of microar-chitecture-
independent features for each instruction. Our trace format is composed of six fundamental
and readily available signals: the Program Counter (PC), the full memory address for
load/store operations, the instruction opcode class, and the register identifiers for source
register 1, source register 2, and the destination register.

To manage data flow and enable batched processing, we group instructions into fixed-
size units called epochs. An epoch is defined as a contiguous block of 100,000 instructions.
Traces are collected for an entire epoch and stored in a buffer; then it is consumed by the
inference engine, which allows for significant weight reuse and improved computational
efficiency. The epoch size is a tunable parameter largely determined by feature dedicated
memory capacity.

While an epoch has no specific semantic meaning on its own, it is useful to understand
the diversity of the code being executed. To this end, we compute a signature for each
captured epoch by hashing its sequence of PCs. This signature allows an Enterprise
Forecaster to analyze workload coverage, observe how different application inputs affect
execution paths, and ensure a representative sample is collected over an application’s

runtime.
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Trace Collection Hardware and System Integration

While existing technologies like binary instrumentation or hardware tracing mechanisms
(e.g., Intel Processor Trace) can provide this data, they typically incur prohibitive perfor-
mance overheads, making them unsuitable for a transparent, in-the-field deployment.

Therefore, we propose a simple and minimally invasive hardware trace collector (See
Figure 3.4). Our design consists of a small FIFO buffer attached to the processor’s Re-
Order Buffer (ROB). As instructions retire, the six required feature signals—which are
readily available at this stage in a modern out-of-order processor—are written into the
FIFO. To ensure proper operation in a multitasking environments, the trace collector is
managed by the operating system. Its activation is tied to a process ID, ensuring that
tracing is automatically paused during context switches and only resumes when the target
application is scheduled, thus preventing contamination of the trace from other processes
or the kernel.

The FIFO'’s output is mapped to system memory, allowing it to be drained through the
conventional memory hierarchy. A FIFO with 512 entries, with each entry storing features
for 5 instructions, results in a total on-chip trace buffer of just 122KB. The memory storage
needed for a 100,000 instruction-long epoch is 2.5MB. We summarize below a complete

Power-Performance-Area (PPA) analysis:

o Area: The area overhead is a negligible 12KB for the FIFO. We explicitly avoid a large,
multi-megabyte dedicated SRAM, which would be prohibitively expensive.

e Performance: The processor front-end is stalled only if the buffer becomes full. This
is a rare event, as modern L2 cache subsystems are well-equipped to absorb such

write streams.

e Power: Due to its simple logic and the fact that it is only active during sparsely

sampled epochs, the power consumption of the trace collector is negligible.
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By writing the trace data to OS-managed system memory, our solution is not only
efficient but also simplifies the data pipeline, as the trace becomes directly accessible by

the GPU or our custom accelerator for inference.

Security and Privacy Considerations A trace collection mechanism that captures in-
struction and memory addresses is inherently sensitive. For the Enterprise Forecaster,
trace confidentiality is paramount, and for Ecosystem Partners, data privacy is a primary
concern. Our design addresses this by treating the trace buffer as a protected memory
region, accessible only by a trusted driver and the inference engine. For heightened se-
curity, the trace data can be encrypted on-the-fly by the collector hardware before being
written to system memory. This ensures trace opaqueness even to a compromised kernel.
Furthermore, we emphasize that only metadata about the execution is captured; at no point

is the raw data from memory or registers ever exposed in the trace.

High-Speed Inference on Commodity GPUs

A primary deployment target for NeuroScalar is the commodity GPU owing to its ubiquity
and its mature parallel programming ecosystem. We detail our software-based inference
engine, its performance characteristics, and the methodology for achieving transparent,
low-overhead execution.

Our implementation is intentionally straightforward. The trace data for a sampled
epoch, residing in OS-managed memory, is transferred to the GPU via standard user-space
driver calls. The NeuroScalar model is then executed using a conventional deep learning
inference framework. The only optimization we use is the quantization of model weights
to FP16, which halves the memory footprint and bandwidth requirements without any
measurable impact on prediction accuracy for this task.

The performance of our model on a GPU is dictated by the deliberate lightweight

design. Table 3.2 shows measurements for inference speed of 1000 epochs on six different
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GPUs, measured in inferred instructions per second. As detailed earlier, NeuroScalar is
an LSTM-based model with a hidden dimension of only 256. This means that the core
computation is a series of relatively small matrix-matrix multiplications (GEMMSs). For
an epoch of 100,000 instructions, processed with a batch size of 100, the key operation is
a matrix multiplication of roughly (100x1024) x (1024x1024) (applying a single matrix
multiplication for the four f, g, i, 0o LSTM gates [60]). As shown by prior work analyzing
GPU kernel efficiency, such as [36], GEMM operations with these dimensions are too small
to saturate the memory bandwidth or fully utilize the TensorCores of a modern desktop
GPU, sustaining only about 4% of theoretical peak FLOPs.

However, this underutilization is a consequence of our goal of a lightweight model, and
the resultant absolute performance is more than sufficient for our needs. On a commodity
NVIDIA 4090 GPU, we achieve a simulation speed of 4 to 5 million instructions per second

(MIPS). To translate this to user-felt overhead, we perform the following analysis:

e Time to run GPU inference on one epoch (100,000 instructions) is: 100,000 inst/4, 000, 000 inst/sec
= 0.025s.

e To maintain a system overhead of 0.1%, the CPU must be allowed to execute for

0.025s/0.001 = 25s in the time it takes to process one epoch.
e Assume a host CPU executes instructions at a rate of 3,000 MIPS (3 GHz, IPC=1).

e This means a sampling rate of one epoch for every ~0.75 million epochs executed,

which aligns with our system goals.

Finally, to ensure true transparency, the inference engine is designed to scavenge GPU
resources. The inference kernels are launched at a low OS priority, ensuring that any
user-facing, latency-sensitive applications (e.g., gaming, Ul rendering) are always given
precedence. This prevents our background processing from introducing any noticeable

stutter or lag. Once inference is complete, the resulting cycle predictions are either stored
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Table 3.2: GPU inference speed (instructions/second).

GPU Mean Std. Dev.
H100 4,846,724 522,613
A100 4,420,457 340,531
L40 5,309,333 294,540
L40S 5,793,294 287,928

RTX 4090 5,916,285 362,703
RTX 5000 4,233,920 174,764

Mem. Global Input Global Weight
CTRL Buffer Buffer
[ (1.25MB) (1.25MB)
A
Tile
Control | | Tile Input Tile Weight
— Buffer Buffer
(16KB) | (128KB) L ‘I
Vector MAC (16wide X 16 lanes) J_
v
Bias || ReLU Accumulation
—_—  —]
SigM || Tanh Buffers

Figure 3.4: Neutrino Inference Accelerator.

locally for the Enterprise Forecaster’s internal use or aggregated and sent back to the chip
designer. Whether the DL weights might leak some information of the microarchitecture is
a valid concern. The DL weights themselves can be protected by encrypting and decrypting
before use in a TEE environment and secure attestation modern GPUs provide. Finally,
simply the availability of performance projection, might allow microbenchmark-based
reverse engineering: to protect from this, the system stack can be designed such that the

inference outputs are not visible to users.

High-Speed Inference with an On-Chip Accelerator

While commodity GPUs offer a flexible and high-performance inference platform, they

are not always available, particularly in power-constrained environments. To provide a
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dedicated, ultra-low-power alternative, we co-designed a hardware accelerator, dubbed
Neutrino, specifically tailored to the NeuroScalar DL model. This section describes the
accelerator’s architecture, its dataflow, and the performance benefits derived from this

holistic design approach.

Accelerator Architecture and Dataflow

The design of Neutrino is informed by the principles of successful deep learning hardware
like NVDLA [107], MAGNET [141], and Eyeriss [25]. The core of the accelerator is a
256-wide INTS vector engine, structured as 16x16 lanes as shown in Figure 3.4. This is
supported by a hierarchical memory system designed to eliminate off-chip memory access
during inference. An epoch’s entire feature trace (quantized to 1MB) is first loaded into a
1.25MB on-chip SRAM buffer from CPU memory. Weights are loaded once at boot-time
into the global weight buffer of 1.25MB buffer. From there, weights and activations are
staged into smaller, local buffers: a 128KB weight buffer and a 16KB input buffer directly
feeding the vector engine.

This on-chip memory hierarchy allows the accelerator’s execution to be completely
statically scheduled. Once an epoch’s input features are loaded into the main SRAM
buffer, the entire inference process proceeds without any stalls for DRAM access, enabling
predictable, high-performance execution. The dataflow consists of staging weights from
the larger weight buffer into the local accelerator buffers, performing vector operations,

and accumulating partial sums.

Co-Design for Maximum Utilization

The novelty of this design lies in the tight co-design of the DL model, the accelerator’s
microarchitecture, and the execution dataflow. The model’s hidden dimension of 256
was deliberately chosen to perfectly match the 256-wide vector engine. The dominant

computation in our LSTM model is the vector-matrix multiplication required for the input,
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1 Tile 8 Tiles
Total Area 2.04mm? 3.15mm?

Tile Area 0.16 mm? 1.26mm?
Power 28mW 226 mW
Speed 0.02 million inst/sec | 0.157 million inst/sec

Sampling rate 1/152642 1/19080

Table 3.3: Accelerator Metrics. Total area includes area of the Global Input Buffer and
Global Weight Buffer large SRAMs.

output, forget, and cell gates. For a single instruction trace, this becomes a (1, 256) x
(256, 256) operation, which is executed on the 256-wide vector unit in 256 cycles. This
precise matching allows the vector lanes to achieve nearly 100% utilization during these
matrix operations. The application of the bias, and non-linear sigmoid and tanh activation
functions, which are orders of magnitude less computationally intensive, are temporally
pipelined after the MATMUL. A single LSTM layer finishes in 8264 cycles, achieving 99%

MAC utilization.

Performance and Efficiency

To verify the design and obtain accurate performance and power figures, we developed a
cycle-level simulator for the accelerator and a simple compiler to map the LSTM operations
onto its instruction set. The simulator’s performance was validated against a full RTL
implementation of the accelerator, synthesized using a commercial 16nm P&R flow. Results
are in Table 3.3, for a single-tile and an 8-tile design.

Our analysis shows that Neutrino can process traces at a rate of 0.02 million instructions
per second (MIPS) while consuming only 28 milliwatts of power. This represents a nearly
85x improvement in energy efficiency (inferences/sec/watt) compared to the NVIDIA
4090 GPU solution. This result demonstrates the main benefit of our co-design approach:
by tailoring the hardware and software together, we can create a solution that is orders
of magnitude more efficient than a general-purpose programmable one. This design can

be trivially scaled-out in an 8-tile design, each tile processing a different batch, with no
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inter-tile communication, while sharing of the global input buffer SRAM and weights

SRAM.

Collecting Traces For Training

The foundation of NeuroScalar is a model trained on data generated from a trusted, high-
tidelity simulator. This section briefly outlines the process of collecting this training data.

The training process requires paired examples of key properties and output labels. We
instrument a conventional cycle-level simulator—in our case, Gem5—to generate these
pairs. For each instruction executed in a simulation, we collect the six key properties
defined in Section 4.1 (PC, memory address, etc.). It is critical that the properties extracted
from the simulator are semantically identical to those captured by the hardware tracer to
prevent any train-serve skew.

The corresponding ground-truth label for each instruction is its retirement latency:
the number of cycles elapsed since the previous instruction retired. This cycle count
is a direct output of the simulator’s detailed pipeline model. To create a robust and
generalizable foundation model, we generate our training corpus by running a diverse
set of workloads, including 16 applications from the SPEC CPU 2017 benchmark suite,
through our instrumented simulator.

While our core methodology relies on microarchitecture-independent features to enable
in-the-field deployment on existing hardware, the framework is extensible. For scenarios
where a designer wishes to model features of a new ISA or a specific hardware mecha-
nism, those microarchitecture-dependent features could be added to the training input to

potentially increase model accuracy further.

Deployment and Model Management

A successful in-the-field simulation system requires more than just hardware and mod-

els; it needs a robust infrastructure for software control, model distribution, and data
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reporting. This section outlines the complete deployment and management framework for

NeuroScalar.

Software Interface and Control

End-users interact with the NeuroScalar system through a dedicated driver and a user-
space API. This interface provides the necessary control to manage the tracing and inference
process, critical for the Enterprise Forecaster user. The driver is responsible for configuring
the hardware trace collector, managing the secure memory buffer, and scheduling the
inference tasks on the GPU or accelerator, as described in Section 4.2. It ensures that tracing
is properly synchronized with the OS scheduler to handle context switches and maintain
process isolation. If application slowdown is permitted, sampling frequency can be tuned

as well.

Model Distribution and Updating

The chip designer makes NeuroScalar models, each representing a different microarchitec-
tural design, available through a secure model repository. When a user requests a specific
model, it is downloaded, cryptographically verified, and stored locally. This repository-
based approach allows for seamless updates and version control. If a designer retrains a
model with more data to improve its accuracy, end-users can be prompted to update to
the latest version, ensuring they are always working with the most current and accurate

performance predictions.

Telemetry and Reporting Framework

For the Ecosystem Partner use case, a secure and privacy-preserving telemetry pipeline
is essential for returning performance data to the chip designer. The process is designed
to be fully transparent and opt-in. When inference for a sampled epoch is complete, the

result (a predicted IPC or cycle count) is aggregated locally. Periodically, this aggregated,
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anonymized data—stripped of any personally identifiable information—is sent back to a
central collection server managed by the chip designer. The data format includes the model
version, the application signature (SHA256 hash of PCs), and the performance prediction.
This allows designers to build a large-scale, real-world dataset of how their architectural
ideas perform across thousands of applications and usage scenarios.

This ecosystem can extend existing logging frameworks like those developed by hy-
perscalars such as Google’s OpenTelemetry [55] and Meta’s Dynolog [30], or commercial
solutions from providers like Datadog [35] and Splunk [136]. While these platforms are
typically geared towards software and infrastructure monitoring, our hardware-derived
performance predictions could be integrated as a novel telemetry source, providing chip
designers with direct, in-the-field feedback through established and trusted data pipelines.
NVIDIA’s GeForce Telemetry [106], Intel’s Platform Monitoring Technology (PMT) and
Telemetry Interface Specification (TIS) allow telemetry data to be collected already with a
full-fledged system infrastrcture in place - performance projection is simply another source

of telemetry data.

3.4 Experimental Methodology

Model construction To construct the DL model we used the GEMS5 simulator which
was annotated to produce the feature trace and the ground truth retirement cycle count
for each instruction. We did this on 16 SPEC2017 benchmarks. We fast-forwarded by
2 billion instructions and created a dataset comprising of 100 million instructions for
each application. We also studied four additional configurations besides our baseline
8wconfiguration. The details of the configurations are shown in Table 3.4. For inference
testing, 10 million instructions from this dataset are set aside and never used for training.
The model training and experiments were done on a mix of A100, L40, L40S, and A10. The

final unified model trained on the 8wconfiguration, across all 16 benchmarks took a total
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Table 3.4: Microarchitectural parameters for the five processor configurations evaluated.
The baseline is an 8-wide out-of-order processor. L2 cache is 8MB across the board. Varia-
tions explore different trade-offs in memory and core resources.

Base 6-wide+ Large Large More

Config 8-wide LSUnit ROB LSQ Memory
Abbr. (8w)  (6w+ls) (rob) (Isq) (4w-+mem)
Width 8 6 8 8 4

LS Units 1 2 1 2 2
LSQ Entries 32 32 32 64 32
Num Regs 256 256 512 256 256
ROB Size 192 192 384 192 192

L1D$ Size 64KB 64KB 64KB 64KB 128KB
L1I$ Size 64KB 64KB 64KB 64KB 64KB

of 8 hours to train on an A100.

Inference To study inference we run the model on a family of commodity GPUs and
measure speed (inferences/second). The platforms we considered are A100, H100, A6000,
4090, and an RTX5000. Our accelerator was implemented in RTL and synthesized with a full
P&R flow at 16nm. Recall that our accelerator implements a complete static schedule, and
its execution is deterministic in the number of cycles for an epoch (with any potential delays
only arising from the time to transfer from the processor’s memory into the accelerator’s

Global Input Buffer SRAM). The accelerator’s main results are summarized in Table 3.3.

Downstream tasks We examine two downstream tasks for a chip designer as case studies.
Starting from an 8w processor, the chip designer seeks to understand how performance
changes for 4 other configurations. In particular, they seek to understand at the instruction
level. We report two studies where the 5 processors are ranked for each retiring instruction
for each benchmark. Second, we present pairwise comparison for each benchmark for
each instruction. This allows extremely low-level analysis on in-the-field workloads. Both
of these push the model’s accuracy and fidelity to the limit - the changes between the

processor configurations is intentionally set to subtle features like LSQ size, # ports etc.
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Pairwise Prediction: Accuracy (Higher is Better)
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Figure 3.5: Pairwise prediction Acc(round)

3.5 Results

First, we show that individual benchmark models work well and can transfer to other
models. Second, a model is examined that uses information from every benchmark. Finally,

we test the accuracy in downstream tasks like pairwise ordering and best-configuration.

Benchmark-wise Error and Accuracy Heatmaps

We visualize cross-benchmark behavior with two heatmaps. In both plots, rows denote the
source benchmark used to train/fit the predictor and columns denote the target benchmark
on which we evaluate. Each cell is annotated with the corresponding score for that (source,

target) pair.

Prediction accuracy. Figure 3.5 shows Acc(round) results. In-domain accuracies exceed
70% (often 80%+), while cross-dataset evaluations remain around 50%, demonstrating
reasonable generalization. Overall, ~ 80% of instructions are predicted exactly and over

95% within +1 cycle, with a detailed error figure deferred to Appendix A.1.
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Table 3.5: Accuracy-centric evaluation of the foundation model (TraceFusion-13)

Benchmark +11 4+21  Acc(round) (ref)?

XZ 0.8388 0.9159 0.6782
gcc 0.8607 0.9378 0.7174
xalancbmk 0.8739 0.9415 0.7231
nab 0.7802 0.8947 0.6232
deepsjeng 0.8579 0.9430 0.7102
parest 0.8002 0.8999 0.6246
namd 0.9391 0.9725 0.8116
povray 0.9545 0.9821 0.8318

Foundation Model on the Concatenated Corpus

We train a single backbone on the union of all benchmark splits (TraceFusion-13) and
evaluate it on held-out data. The model achieves consistently strong accuracy across diverse
workloads, generalizing well to both short-latency and long-tail benchmarks. Table 3.5
summarizes representative results, with full details in Appendix A.1.

Summary: Neuroscalar is highly accurate and at fine-granularity of individual instructions.

Downstream Tasks: Processor-Config Comparisons

Pairwise ordering accuracy For each configuration pair (i < j), we evaluate whether
the predicted ordering preserves the ground-truth ordering. Table 3.6 reports aggregated
statistics across all benchmarks. In addition to the overall correct/total counts dubbed
match rate, we also include the fraction of cases where the ground truth indicates 1i is strictly
better than j (GT-better) and the fraction of samples with non-zero ground-truth cycles
(Non-zero). These richer statistics provide a more complete picture of pairwise ordering
tidelity, showing that pairwise orderings are preserved at roughly 90% rates depending on
the configuration pair. The 3rd column shows the “irregular” nature of OOO processors:
comparing 4w+mem< 8w, for 15% of instructions, the 4w+mem processors retires earlier

than the 8w. Neuroscalar is able to learn and capture this behavior as well.
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Table 3.6: Pairwise ordering results aggregated across benchmarks. Columns: match rate,
proportion of ground-truth cases where the left config is strictly better (GT-better), and
proportion of non-zero ground-truth samples (Non-zero).

Pair Match rate GT-better Non-zero
dw+mem < 8w 91.11% 15.0% 39.2%
4w+mem < rob 91.08% 15.0% 39.3%
dw+mem < lIsq 91.06% 15.0% 39.4%
dw+mem < 6w+ls 91.04% 15.1% 39.5%

8w < rob 91.06% 15.0% 39.4%
8w < Isq 91.08% 15.0% 39.3%
8w < 6w+ls 91.11% 15.0% 39.3%
rob < lIsq 91.14% 15.0% 39.2%
rob < 6w+ls 91.17% 15.0% 39.2%
Isq < 6w+ls 91.20% 15.0% 39.1%

Table 3.7: Five-config ranking per benchmark. Metrics over held-out instructions: Kendall
T (higher is better), full permutation match, and best-config match.

Benchmark Kendall T Full Match(%) Best Match(%)

XZ 0.8657 56.93 96.09
gcc 0.8449 52.31 96.24
xalancbmk 0.8036 48.35 96.46
nab 0.8188 50.88 94.67
deepsjeng 0.8360 53.87 96.21
parest 0.7741 43.92 94.24
namd 0.9150 64.45 98.19
povray 0.9355 64.20 98.61

Five-config ranking: full-rank match, best-config match, and Kendall Tt For each instruc-
tion, we rank five configs by rounded cycles and report: (i) full permutation match, (ii)
whether the best (lowest-cycle) config is matched, and (iii) Kendall T over all (g) pairs with
ties handled by group ranks. Representative end-of-run summaries is show in Table 3.7,
where Kendall T typically falls between 0.8 and 0.95, and best-config match consistently
exceeds 94%.

Summary: Neuroscalar can extract detailed per-instruction differences between different microarchi-

tectures accurately.
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3.6 Related Work

Prior work in applying machine learning to performance prediction has critical limitations
for in-the-field deployment. Early efforts like Ithemal [93] focused on predicting the latency
of static basic blocks, but by ignoring dynamic execution phenomena like memory access
and branch prediction outcomes, they cannot model realistic, full-program behavior. More
recent full-program simulators fall into two categories, neither of which is suitable for our
goals. SimNet [80] achieves accuracy by using microarchitectural “context” features—such
as which level of the cache hierarchy served a request. This approach is fundamentally
incompatible with in-the-field prediction, as these features are the output of a specific
microarchitecture and cannot be collected from production hardware for a hypothetical
design. Conversely, TAO [115] builds a large, monolithic model to explore a predefined
space of basic parameters (e.g., ROB size). This makes it too computationally heavyweight
for lightweight, sampling-based deployment and, more importantly, too inflexible to evalu-
ate the novel, complex architectural ideas (like a new prefetcher) that designers need to
test. In summary, previous methods are either too limited in scope, depend on features unavailable
on production hardware, or are too monolithic to evaluate novel design trade-offs. NeuroScalar
provides a lightweight, extensible framework specifically designed to fill this gap.
ML-based performance models. ML-based performance models apply/use ideas from
linear regression and interpolation, to extrapolate performance of new microarchitecture
from sampling the space. They lack the ability in general for fine-grained microarchitecture
policies and typically fail to accurately model the run-time complex dynamic interaction
between the program and hardware [79, 158, 62, 64, 65, 74, 75]. ML models have also
been developed for application performance prediction across ISAs and machine architec-
ture [158, 159, 8, 11, 112]. Concorde is a state-of-art hybrid ML/analytical model [99] - for

in-the-field simulation it exposes too much processor information.
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3.7 Conclusion

This chapter studies a fundamental bottleneck in computer architecture research: the in-
ability to evaluate novel microarchitectural ideas with both high fidelity and high speed
on real-world, "in-the-field" workloads. Traditional cycle-accurate simulation is too slow,
and existing ML-based approaches are either incompatible with in-field deployment or
too high-level to capture the detailed design trade-offs that matter to practitioners. Our
solution is a deep learning framework built on the key insight of using microarchitecture-
independent features to train an ultra-lightweight DL model. This approach decouples
performance prediction from the underlying hardware, allowing a model to run on exist-
ing silicon, extract features of a workload, and accurately forecast it’s performance on a
hypothetical design. We presented a complete system, including a lightweight hardware
tracer, a sampling methodology, commodity GPU-based inference and an ultra-low-power
accelerator, that performs this analysis with negligible overhead. Our evaluation shows
that this framework can differentiate between competing designs with 95% accuracy in
A/B testing scenarios, providing architects with a powerful new tool for data-driven design.
This chapter paves the way for a future where hardware design cycles are dramatically

accelerated through large-scale, continuous feedback from live user workloads.
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4  SAHM: STATE-AWARE HETEROGENEOUS MULTICORE FOR

SINGLE-THREAD PERFORMANCE

Improving single-thread performance remains a critical and ongoing challenge in modern
processor design. Although multicore scaling and accelerators have dominated recent
advances in throughput, the performance of individual threads—often measured as In-
structions Per Cycle (IPC)—remains vital for latency-sensitive workloads, legacy software,
and many user-facing applications. Traditional approaches to boost IPC have focused on
deepening speculation, widening pipelines, and complex out-of-order execution; how-
ever, these techniques face diminishing returns in the face of increasing complexity and
energy constraints. Research ideas abound on various ways to increase IPC with better
prefetch/caching for targeted program behaviors [105, 46, 100, 125, 70, 122, 148, 134].
Recent product trends illustrate this plateau: for example, AMD’s Ryzen CPU genera-
tions have shown incremental single-thread performance improvements of roughly 5-10%
per generation, with much of the performance gain coming from improved clock speed, not
fundamentally better per-cycle efficiency. These marginal gains highlight the need for new
architectural strategies that go beyond conventional microarchitectural tuning. This chapter
proposes such a strategy to directly tackle the problem of single-thread performance.
Our approach is grounded in a set of key empirical observations. First, we find that
applications exhibit substantial behavioral heterogeneity across time. This observation
was seen time and time again as we developed Introspection Processing Units (IPUs) (see
Chapter 2); it is even the topic of one of the IPU case studies: Obfuscated Software where
GPU utilization histograms are produced and found to stress a single component at a time.
We choose to focus on single-threaded CPU applications for this chapter due to their simpler
nature. In particular, they vary widely in how they stress four key microarchitectural
components: the branch predictor, L1 data cache, L1 instruction cache, and L2 cache.

By collecting real hardware performance counter data from a state-of-the-art CPU across
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a wide range of applications, we demonstrate that this behavioral diversity is not only
common, but pronounced. This constitutes the first contribution of the chapter: an empirical
characterization of fine-grained behavioral variability in modern workloads.

Second, we show that applications do not remain fixed in one behavioral mode. Instead,
they transition between modes—or what we call behavioral states—throughout execution.
We define a behavioral state as a 4-bit encoding derived from four key performance metrics,
each binarized into HIGH or LOW categories based on observed distribution thresholds.
This results in a total of 16 unique behavioral states. Different applications not only visit
different subsets of these states, but also dwell in them for variable intervals and transition
between them at different rates. These findings suggest that single-threaded performance
could be enhanced by adapting the underlying hardware to the current behavioral state.

This observation leads to our third and central contribution: the design of a new type
of processor architecture that we call SAHM—State-Aware Heterogeneous Multicore. In
SAHM, we construct a multicore processor where each core is specialized for one or more
of the 16 behavioral states. Rather than attempting to build a one-size-fits-all core that
includes all possible optimizations (e.g., a deep branch predictor, aggressive prefetchers,
large instruction and data caches), we partition these features across cores based on their
relevance to specific states. At runtime, we monitor the application’s state and migrate
it to the core best suited for the current behavior. This strategy enables composability
of microarchitectural enhancements without incurring the area, power, and complexity
penalties of incorporating all features into a single core. The key design questions then become:
how to detect the current state, when to trigger migration, and how to manage the cost of
migration.

We further extend this idea to a realistic multi-programmed scenario, which addresses
concerns about core underutilization. In a modern cloud environment, it is common to
co-locate multiple independent workloads on the same processor. In such settings, SAHM'’s

specialized cores are always busy, as different workloads occupy different behavioral states
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Aspect big.LITTLE SAHM

Core Design Goal Energy-efficiency vs. Performance Performance specialization by behavior
Granularity Coarse (application phase) Fine (100ms epoch)

State Awareness  None or static hints Performance counter-driven

Migration Trigger ~OS heuristics Runtime behavioral state detection

Core Utilization =~ Some idle in steady state Fully utilized in multiprogrammed workloads

Table 4.1: Comparison of SAHM with big. LITTLE

at different times. We show how an intelligent runtime scheduler can orchestrate the
migration of threads across cores to maximize system-wide performance, without leaving
specialized cores idle.

We also recognize practical considerations such as virtualization, cloud isolation, and
security. SAHM is compatible with modern virtualization frameworks and can be integrated
into hypervisors or OS-level schedulers. Migration decisions can be made within tenant
boundaries to maintain isolation guarantees. Furthermore, performance counters used for
state detection are already widely virtualized in commodity processors, and migration
policies can be designed to respect container and VM boundaries.

Relationship to Prior Work. SAHM differs fundamentally from prior heterogeneous
processor designs such as ARM’s big. LITTLE and related single-ISA heterogeneous mul-
ticore architectures. big.LITTLE focuses on trading performance for energy efficiency:
LITTLE cores are deliberately simplified to save power, while big cores are designed for
high performance. In contrast, SAHM is designed to improve performance across the board
by targeting microarchitectural behaviors rather than coarse-grained application phases.
Table 4.1 summarizes the key differences.

In summary, this chapter makes the following contributions:

e We introduce a new behavioral state taxonomy derived from performance counter
measurements and show that applications exhibit diverse and time-varying microar-

chitectural demands. Section 4.1 and 4.2

e We propose SAHM, a heterogeneous multicore architecture in which each core is
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specialized for one or more behavioral states, and threads migrate at runtime to the

best-fit core. Section 4.3

e We analyze current state of the art of the components within our study and the

opportunity for speed up with a SAHM system. Section 4.4

e We evaluate SAHM both for single-threaded applications and for multi-programmed
systems, showing substantial performance benefits under realistic assumptions. Sec-

tion 4.6

e We discuss implementation considerations, including migration policies, prediction

strategies, and system-level integration.

4.1 Overview and Motivation of Heterogeneity of
Applications

In this section we present motivation for state awareness and an overview of a state aware

heterogeneous multicore system.

Understanding and Quantifying the Opportunity

To understand the opportunity for improving single-thread performance through mi-
croarchitectural specialization, we begin by studying how modern applications behave at
runtime. Our investigation is motivated by the hypothesis that even standard benchmark
applications—such as those from the SPEC suite—impute different demands on the processor
during different parts of execution. If these demands can be captured and used to inform
hardware behavior, we can potentially design architectures that are dynamically tailored
to the application’s needs.

We use performance counters available on modern CPUs to measure four key microar-

chitectural metrics: Using modern tools (e.g., Linux perf, 1ikwid[138]), we collect all four
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Metric PMC Values
Branch Misprediction Count /
Branch Instruction Count
L1I Cache Miss Count /

Branch Misprediction Ratio

L1I Cache Miss Rate Instruction Count’
_ ] L1D Cache Miss Count /
L1D Cache Miss Ratio L1D Cache Access Count
. . L2 Cache Miss Count /
L2 Cache Miss Ratio L2 Cache Access Count

Table 4.2: Performance monitoring metrics and the values used to calculate them. 'This is
a non-programmable counter.

metrics simultaneously with negligible overhead (~0.5% application slowdown), enabling
fine-grained tracking without affecting program behavior.

To structure this data, we classify each metric as either HIGH or LOW, based on cutoffs
derived intuitively or from the empirical distribution (e.g., below the 50th percentile is
LOW, above the 50th is HIGH). This results in a 4-bit encoding of the application’s current
behavior, defining one of 16 possible behavioral states. This state space is determined by
static cut-offs unlike related work that uses performance metric stability during execution to
define application phases. We sample the application at regular 100ms intervals—epochs—
and label each epoch with its corresponding behavioral state. Thus, an application’s
execution trace can be viewed as a time series over this 16-state space.

We analyze the behavioral state traces (details in Section 3) of a variety of single-
threaded applications and make several key observations:

(a) State Coverage Across Applications. Different applications occupy different subsets
of the state space. For each application, we plot the percentage of time spent in each of
the 16 states, showing that state distribution is highly non-uniform and workload-specific.
Some applications are dominated by branch-heavy phases, while others exhibit memory
intensity or front-end bottlenecks.

(b) State Transition Dynamics. Applications do not remain in a single state but

transition across states at different frequencies. Using per-application heatmaps of state-
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to-state transitions, we observe a variety of transition behaviors—some applications flip
rapidly between states, while others maintain longer intervals within a dominant state.

(c) Interval Length Variability. We define a state interval as a consecutive sequence of
epochs during which the application remains in the same behavioral state. We compute
the average interval length per state for each application, showing that some states are
stable over hundreds of milliseconds, making them strong candidates for state-specific
optimization.

(d) Opportunity for Specialization. For each state, we analyze how much time each

application spends in it. This cross-application view reveals three insights:

e No single state dominates execution across all applications. This reinforces the idea

that different workloads stress different microarchitectural components.

e State 0—the ideal state where all four metrics are LOW—accounts for only 8% of
runtime on average. This highlights the potential for performance gain: even modest

speedups in the remaining states can lead to meaningful improvements.

e For instance, if 30% speedup is possible in the non-state-0 regions, overall application
speedup could approach 22%—a significant figure in the context of single-thread

IPC improvements.

Each of these findings is expanded to its own subsection at the end of this section. These
tindings strongly motivate the idea that instead of designing one general-purpose core to
handle all scenarios, we should build multiple specialized cores, each tuned to perform
well for a subset of the behavioral states. SAHM implements this vision through a practical

and scalable hardware-software co-design approach.

SAHM overview

There are two central ideas to systems using State Aware Heterogeneous Multicore: 1) A

CMP with diverse specialized cores and 2) A performance monitoring mechanism within



75

1. Start

L1l Baseline

Branch >

8. Terminate 7

Chip

Figure 4.1: The canonical configuration of a SAHM system. Each core except the baseline is
specialized for the listed component. An example program migration pattern is included.

the scheduler.

Point 1 is that a each core allocates more area and power to one component - different
components for each core. Figure 4.1 depicts a canonical configuration in which four of the
tive cores have been specialized to a different component each. Due to the higher allocation,
more complex designs are possible providing speed up versus the baseline component. Yet,
this speed up is attainable only if the program is placed on the core matching the stressed
component.

Thus, point 2 is a scheduler that uses performance monitoring to influence which
program-core assignment. The scheduler first gathers the characteristic metrics from the
previous OS timestep. Next, it decides based on the metrics if the program should migrate.
If so, then migration occurs to a suitable core if load-balancing conditions are met. Finally,
the scheduler chooses a program from the core-local queue and launches it. Figure 4.1 also

shows an example program migrating between cores over time.

Alleviating Concerns

In proposing SAHM, it is important to address several potential concerns or misconceptions
that readers may have:

Isn’t this just adding complexity for no gain? Not at all. The goal is to reduce system-
wide complexity by avoiding the integration of all expensive features (e.g., large branch

predictors, deep prefetchers, massive caches) into every core. By distributing these features
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across specialized cores and migrating applications to the best-fit core based on current
behavior, we achieve better performance-per-area and performance-per-watt.

Why not just make all cores smarter? Adding every optimization into every core is
Cost-prohibitive in terms of area, power, and verification effort. Worse, many optimizations
conflict: an aggressive data prefetcher may hurt icache locality, or a large predictor may
increase access latency. SAHM allows for decoupling and composability.

Aren’t migrations expensive? Migration is rare and coarse-grained (every 100ms
epoch), and we assume a modest 5ms cost. Our results show that state intervals are often
long enough to amortize this cost, and even reactive migration policies are effective.

How is this different from big.LITTLE? big.LITTLE trades performance for energy
efficiency using static cores. SAHM uses all high-performance cores, each tuned for different
runtime behavior. Migration is driven by microarchitectural signals, not OS policies. The
goal is performance, not energy reduction.

What about OS, VMs, or security concerns? SAHM is compatible with virtualization.
Modern OSes already support thread migration. Migration policies can be constrained
within VM or container boundaries. Performance counters are virtualizable and can be
used without breaking isolation.

By proactively addressing these issues, we aim to clarify the feasibility and relevance of

the SAHM architecture for real-world deployment.

4.2 Characterization

The section delves into the program characterization including data gathering method,

analysis of the collected data, and discussion of the analysis.
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Methodological Details

Our measurements are collected on a Golden Cove microarchitecture, representative of
recent Intel client-class CPUs. This platform supports concurrent tracking of up to seven
programmable performance values using hardware performance counters. To overcome
the hardware limitation on simultaneously monitoring more than seven values, modern
tools like Linux perf use a technique called multiplexing, wherein sets of counters are time-
sliced during execution. However, in our study, we restrict ourselves to seven key values,
see table 4.2, which can all be captured simultaneously without needing multiplexing,
thereby ensuring high fidelity of measurement [101, 83, 145, 155]. We measure all of the
SPEC CPU 2017 benchmark suite.

We choose a sampling interval of 100ms after empirical calibration. While finer-grained
intervals (e.g., 10ms) are possible, we observed that they introduce measurement instability
and noise due to context switches, sampling overheads, and limitations of event delivery
latency. At 100ms, the counter values are both stable and precise, yielding nearly 100%
accuracy as validated through cross-referencing with aggregate counter values and con-
trolled experiments. Some benchmarks execute in less time than 100ms and are excluded
from further study. This interval is also coarse enough to amortize migration costs yet fine
enough to capture meaningful behavioral variation.

While our experiments are limited to Golden Cove due to platform availability and infras-
tructure readiness, our methodology is entirely portable. ARM and AMD processors offer
comparable performance monitoring capabilities, and the SAHM approach—classifying
behavior and specializing hardware accordingly—can be directly adapted to those plat-
forms. We view this study as a proof-of-concept for a broader architectural direction that

is applicable across vendors.
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Metric 25% 50% | Intuitive
branch mispred. | 0.03% | 0.34% 1%
L1l miss (MPKI) | 0.004 | 0.009 1

L1D miss 0.5% | 0.99% 2%

L2 miss 3.64% | 18.47% 10%

Table 4.3: Three candidate cut-offs for metric binning.

State Coverage Across Applications

Goal Show that applications occupy different subsets of the behavioral state space stati-
cally determined by cut-offs. Higher variability between applications decreases the likeli-
hood that they stress the same component at the same time when in a workload together. As
the process of defining the state space includes binning, which states applications occupy

is dependent on the cut-offs that determine the binning.

Experiment First, analyze the gathered traces to determine a few empirical cut-offs and
include one set of cut-offs from intuition based on prior architecture experience. These are
listed in Table 4.3. The empirical cut-offs are percentiles from the gathered traces - i.e. 50%
is the medians, 50th percentile, of each metric.

Then, calculate the portion of time spent in each state on average for each set of cut-offs.
Figure 4.2 shows this breakdown. Each state is labeled by the combination of components
stressed in that state; for example, the “L2+Branch” state has both the L2 miss ratio and
the branch mispredict ratio as HIGH which identifies these components as stressed. One
expectation of this state space is mostly mutually exclusive behavior - L2 HIGH makes
sense to overlap either L1 cache metrics being HIGH. This is the case for the intuitive
cut-offs; however, both of the others have a large portion of highly combined component
stresses. The 25% cut-offs have more than half of an average application spent stressing the
entire core — this does not reflect reality. Another expectation is some amount of the Low
state due to the cache starting cold and paging in larger data sets. This is confirmed as 8%

of an average application is spent in the Low state for the intuitive cut-offs.
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Figure 4.2: The portion of an application that the application is in a state averaged across
the SPEC 2017 benchmarks. The intiutive cut-offs captures the most diversity.

Figure 4.3 provides another look at the intuitive column by unstacking the bars. The
most occupied states are much easier to see: Low, L2, L24+L1D, Branch, L2+4Branch, and
L2+L1D+Branch. The overlap between data memory and branch prediction could be that
branch prediction is causing cache pollution or that the data brought in from cache misses
does not align with the current pattern learned by the branch predictor.

Figure 4.4 breaks the intuitive column into a stack for each benchmark. It is apparent
that the programs show a wide range of state occupations. Physics simulations like pop2,
roms, and cactuBSSN all utilize a large working set that does not fit into the first level of
cache. This is reflected in our results, as each stresses the data memory via L1D cache
and L2 cache. Imagick spends the majority of its time in the LOW state - making it a poor
candidate for SAHM.

Key takeaways i) Different applications occupy different states in the statically determined state
space. ii) The intuitive cut-offs show the most diverse set of state occupation and more closely match
how a core functions. iii) Almost all of the execution time is spent in states where one of the 4 key

metrics is HIGH. iv) For the rest of this chapter, the intuitive cut-offs are used to define the state
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space.

State Transitions

Goal: We want to understand how long applications stay in a state, when they transition,
are transitions highly correlated with the originating state (i.e. out-degree of a state in this
graph of transitions), and how application-dependent this behavior is. The more dynamic
and application-dependent the more difficult for compilers, software transformations, or

static hardware policies to exploit this.

Experiment: Analyze gathered traces for state transitions - for each epoch in a trace,
examine the previous epoch and record the edge between states. Count the total for each
such edge. Figure 4.5 depicts the heatmap of the average percent of the total number of
transitions for each transition. If a transition never occurred during our analysis, then the
cell for the transition is white. The diagonal, the state transitions that stay in the same state,
has been removed from the figure. Transitions that stay in the same state dominate with

84% of epochs staying in the same state as the previous epoch.

Analysis: First, this confirms the expectation that transitions do occur. Programs usually
go through phases and prior works have confirmed this. Next, more used transitions
are between states that have more time spent in them. This is beneficial as it means that
capturing the states most resided in also captures the most frequently used transitions.
Furthermore, the figure is not completely symmetric across the diagonal. This indicates that
order that states occur is non-trivial: states do not merely return to Low. More rigorously:
the set of states and their likelihood to transition to a given state is different than the set of
states and likelihood of transitions from that given state. One example of this is Low to L1I

HIGH does not occur yet L1I HIGH to Low does occur.
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Figure 4.5: The portion of the total number of transitions on average. The diagonal has
been removed and white cells indicate transitions that were not seen in our study. There is
no overwhelming outliers that should be designed for.

Key findings: State Transitions occur and are not uniform between applications (i.e. how an

application enters state L2 HIGH is not always from L1D HIGH)

Interval Length Variability

Goal: We have seen transitions do occur; what is the length of the intervals between
transitions that change state? We define a state interval as a consecutive sequence of epochs
during which the application remains in the same behavioral state. Shorter intervals
are more difficult to exploit for performance gain - the transient nature means that any
adjustment to the state could take so long the state has passed by the time the adjustment

is in place.

Experiment: Using the gathered traces, we calculate the interval length through examin-
ing the current epoch to the previous epoch like in the transition experiment. Figure 4.6

presents this calculation breaking down both the total count and the total time for an
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Figure 4.6: Analysis of intervals - strings of the same behavioral state. In count, 1 epoch
intervals dominate; on the other hand, long intervals provide ample time to amortize
migration overhead.

average application. The extremes cover the majority of the data: The short intervals make
up most of the overall number of intervals. On the other hand, long intervals make up
the majority of the time spent. This alerts us to a pitfall for exploiting these intervals -
a program may ping-pong between two specialized cores if the program is only short
intervals. Yet, there is plenty of time to amortize overhead when a long interval is reached.
These factors indicate that some sort of inertia, keeping migrated programs on the assigned

core for a period of time, should be included in a system that adjusts for state behavior.

Key Findings: The average interval duration provides ample opportunity to migrate based on the

dynamic behavioral state, therefore extracting efficiency and/or speedup.

Summary

This characterization has shown that even though the state space is determined by the
cut-offs, applications occupy a swath of the space. This occupation is highly dependent on
the application. Transitions between states are uniformly used and usually occur either

immediately or distantly. The long intervals have applications reside in a handful of states
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for more than half their runtime. It is clear that specializing for these states will improve

performance.

4.3 SAHM Design

This section details the designs required for SAHM. These include the architecture of a

heterogeneous multi-core system, the created configuration space, and the scheduling

policy.

Single Core Architecture

Current designs focus on two points: designed for performance, big or P cores, or designed
for energy efficiency, LITTLE or E cores. Focusing on just performance, the monolith
cores are generalists - do everything mediocre. In this era of multicore, this is wasteful.
Individual cores can specialize, contributing their slice of the behavioral state space to
the CMP as a whole. In a SAHM system, each core attributes most of the area and power
budget to one component. The next Section 4.3 provides examples of components that lead

to speed up when there is budget allocated for them.

SAHM Architecture

Individual specialized cores by themselves cannot compete with the monolith cores. In
this case, the system is greater than the sum of its parts: the specialized cores cover the
deficiencies of each other. Figure 4.1 depicts one conservative general purpose CMP. It
includes a general core and specialty cores for each component. As a program executes it
will be placed onto the core that best suits its current operating needs. A SAHM system
does not necessarily have a specialized core for each component; some may be left out so

others may be duplicated.
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This introduces a new architecture space: the number and type of specialized cores on a
CMP. A chip designer can use analysis akin to Figure 4.4 and knowledge of the workload the
chip will run, if known, to pick the most apt configuration within the space. For example,
cactuBSSN, pop2, and roms are all physics modeling programs and all stress the data
memory. A chip designer would place more cores specialized to handle large working
sets into a CMP that will execute these programs. This chapter examines hypothetical
configurations as a primary exploration: those with 1 baseline core and a number of

uniquely specialized cores:
e 1 specialty core results in 4 configurations
e 2 specialty cores results in 6 configurations
e 3 specialty cores results in 4 configurations
e and 4 specialty cores results in 1 configuration

Furthermore, we model potential speedups gained by each specialty core of 10%, 20%,
and 30%. The total number of configurations is 256 including a baseline chip with no
specializations. These modeled speedups are seen in many recent microarchitecture works.

We provide an example for each key metric that achieves between 10% and 30% speed up.

Branch Misprediction: Eyerman et al. achieved an average 29% increase in performance

through selectively flushing instructions after mispredicted branches [46].

L1 instruction cache miss: The entangling prefetcher achieves 10% speedup in less
size than the compared instruction prefetchers [122]. Also, increasing the size of the

L1 instruction cache is viable.

L1 data cache miss: Berti: an Accurate Local-Delta Data Prefetcher [100] and Register file

prefetching [134] both provide 5% improvements. Berti accomplishes this by selecting the
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best local-deltas. Register file prefetching orchestrates the data pipeline in an out-of-order

system to prefetch nearly half of load requests to the register file.

L2 cache miss: Wu et al. achieve approximately 30% speed up by the proposed Triage
prefetcher that filters for important meta-data and sometimes uses last level cache to store
additional meta-data [148]. Saglam et al. achieve 30% to 130% speed up in HBM2 memory
systems by using a proposed aggressive prefetcher [125]. In DDR systems, the prefetcher
switches to a conservative mode with no performance gain.

Re-implementing these published microarchitecture techniques and running them at
cycle-level simulation is infeasible and unnecessary for 100ms epochs. Instead, SAHM
builds on these established works, composing them in a novel way making it bigger than
the sum of its parts. Essentially, our system can be thought of as implementing each of
those specific ideas into their own core with only that specialization.

Furthermore, these works were invented and evaluated through the lens of generalist
cores: all applications execute their whole duration on the proposed components. Our
deployment of them in targeted phases - the most suitable portions of applications execute
on each component - should mean our speedups are easily viable; see Section 4.4 for a deep

analysis of these works.

Software: Scheduling

A chip using only specialized cores theoretically gains performance. Unfortunately, chips do
not exist in a vacuum: current schedulers, like CFS [113], do not acknowledge asymmetry
nor specialization [124, 153]. All parts of the system must work together to improve
performance. Thus, we have designed a simple greedy scheduler; the algorithm is seen
in Listing 4.1. Three pieces enable the scheduler to use specializations. The first is a
multi-queue structure that includes a mapping of specializations to cores. The second

is a performance analysis section to determine behavioral state and suitable cores. The
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third is an inertia component to ensure that the numerous short intervals do not cause
continuous migrations of a program. The inertia prevents migration for a certain number
of schedulings after migration to a new core. An oracle version of this scheduler has

knowledge of which states the program will enter in the next execution timespans.

Listing 4.1: SAHM scheduler incorperating state analysis and program-core inertia

if current_program.inertia > O:
# do nothing as the program has
# migrated too recently
decrement current_program.inertia

launch_from_local_queue ()

perf_counts = get_ PMU_counts ()
state = calculate_state (perf_counts)
if not specialty_matches(
current_core.specialty , state):
# choose a new core
core = is_core_available_for(state)
program_handle = current_core. \
dequeue (current_program)
if core is null:
# load balance if not specialty
core = most_idle_core ()
core.queue (program_handle)
# queueing also sets program inertia

launch_from_local_queue ()
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4.4 Microarchitecture Specialization

This section serves as a literature survey for the state of the art in each component discussed
in this chapter: branch prediction, instruction cache, data cache, and last level cache (LLC).
The goal is to demonstrate that the modeled speed ups are achievable in each domain
through a combination of the state of the art and trivial techniques like expanding the
cache size.

Each subsection is split up by policy category and details the state of the art in that
area. We group the LLC discussion into the relevant category, instruction or data, because
the memory system is stressed in combination. Table 4.4 summarizes the works, reports
average speed up based on all applications included in the work, and details the expected
speedup from the proposed technique in a SAHM system. In rows (papers) that do not
show any change in speed up from All App to SAHM System, the papers already narrow

the evaluation to the program regions that SAHM would apply the techniques.

All App | SAHM System
Component | Work Speedup Speedup
Branch CMA-BP [81] 2% 2%
Prediction | Selective Flushing [46] 29% 40%
iTP+xPTP [19] 18.9% 20%
LilCache | g ngling Prefetcher [122,123] | 10.1% 10.1%
Register File Prefetching [134] 3.1% 5%
LID Cache | g 4 1100] 10% 13%
PACIPV [96] 3.4% 20%
Mockingjay [132] 4% 20.1%
L2 Cache | 1j0e [149] 23% 23%
Runtime Selection [5] 5.8% 5.8%

Table 4.4: Summary of works and their contribution to overall speed up in a SAHM system
because of the curated use only when the component is heavily stressed.
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Branch Prediction

This subsection covers all design aspects surrounding branch prediction. Of course, the
prediction algorithm is included; yet, of more consequence, is the handling of mispredic-
tions. Combining the results of these specializations would result in up to a 40% speed up;
more probable the system will achieve less since a better prediction algorithm will mean
less mispredictions to gain from. Furthermore, these designs are not currently realistic for
implementation into a monolithic core due to their high parameter count or alterations of a

base component: more design analysis is necessary.

Prediction Algorithm

Clustered Multi-task Learning and Branch Attention Mechanism Based Branch Predictor
applies a CNN model that is augmented with an attention network to the branch history to
extract features for different branch types [81]. This enables the model to aggregate similar
branches and thereby lower the total parameter count. CMA-BP achieves 97.9% accuracy
improving on BranchNet by 1.4% while using an order of magnitude less parameters
(6k vs 44k). CMA-BP also has 0.05 - 0.19 MPKI less than BranchNet; that being 4.10 to
4.15 MPKI at the low end and 7.54 to 7.73 MPKI at the high end. This modest reduction
tends toward less than 1% improvement of IPC when compared to BranchNet as well as
roughly 2% on average improvement against the baseline TAGE-SC-L predictor. These
improvements are calculated via my interpolation of BranchNet results, the MPKI per
%IPC improvement, on the CMA-BP reported results [154, 81]. This demonstrates one
of the key points acknowledged in the SAHM chapter: branch prediction is thoroughly

researched so high improvements are hard to achieve.

Handling Misprediction

Examining branch prediction in a different way lends to a new solution; instead of working

toward more accurate prediction, lessen the effect that mispredictions have. Eyerman et
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al. take this perspective in Enabling Branch-Mispredict Level Parallelism by Selectively
Flushing Instructions [46]. In the paper, they recognize that the bodies of many branches are
short and reconverge quickly. This means that correct path instructions after reconvergence
can already be in the ROB before the misprediction is identified. So, selectively flush solely
the wrong-path instructions. The ROB is adapted into a linked list structure enabling
correct path instructions post-mispredict to be inserted after the already in the ROB correct
path instructions that are post-reconvergence. The analysis of graph applications showed a

29% improvement in performance.

Instruction Caches

There are three main design considerations for an L1 instruction cache: size, replacement
policy, and prefetch policy. Size will be passed over because programs’ working sets are
growing and size is usually constrained to easy numbers making increases harder to justify.
Overall, the discussion below combine to provide a 33.3% speed up in the best case. Due to
the nature of the components, a 28.9% is a conservative estimate: the replacement policies

conflict due to both updating the LLC policy while the prefetcher is orthogonal.

Replacement Policy

As for cache replacement, PACIPV is currently the best for the LLC beating mockingjay
with less hardware for instruction heavy workloads [96]. It modifies insertion/promotion
vectors to function along side re-reference interval prediction. Furthermore, by using
different vectors for demand vs prefetch accesses, the algorithm is cognizant of the data
differences. The improved hardware efficiency is due to implementing a static algorithm.
The speedup over LRU is 3.4% with a fraction of a percent being above mockingjay.

For the support components, Instruction Translation Prioritization and extended Page
Table Prioritization (iTP+xPTP) trade better TLB hit rate for more page table walking

[19]. Both mechanisms alter the replacement policy for their component: the TLB and L2
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cache respectively. The choice for the TLB is to keep more instruction translations because
those translations are on the critical path. This results in more page table walks for data
translations. They alter the L2 cache to prioritize keeping these page table entries within
the cache; thereby offsetting the negative effect of the TLB change. Single thread results
show a geometric mean speed up of 18.9% over LRU policies. A sensitivity study shows
that iTP+xPTP increases performance by 1.6% when compared with mockingjay; a better

improvement than PACIPV.

Prefetching Policy

For prefetching, the Entangling Prefetcher that pairs cache misses to early enough PCs so as
to trigger a prefetch with time to spare for the response to arrive[122, 123]. In other words,
a miss is analyzed and a prefetch trigger is inserted at a point early enough that the latency
of the miss is covered. If a miss occurs from multiple branches of a control flow, then the
miss is associated with multiple prefetch triggers. This method achieves a 10.1% speed up
over a hashed perceptron. This is also for the largest proposed area: 77.44KB. Their results
show decreasing returns approaching the ideal speed up of 11.8%. Doubling from 40 to

80 KB resulted in less than 1% gain so increasing the size more is not worthwhile.

Data Caches

There are three main design considerations for an L1 data cache: size, replacement policy,
and prefetch policy. Size will be passed over because programs’ working sets are growing
and size is usually constrained to easy numbers making increases harder to justify. Overall,
the discussion below combine to provide a 45% speed up in the best case. Due to the nature
of the components, a 29% is a conservative estimate: all of the prefetch policies provide the

same benefit - closer data when it matters.
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Replacement Policy

Mockingjay is the state of the art currently: up to 20% speed up over LRU [132]. It uses
temporal difference learning to learn to predict reuse distance in an effort to mimic Belady’s
MIN policy. In other words, it uses the predicted reuse distance in place of oracle knowledge

and employs the MIN policy.

Prefetching Policy

These policies are discussed from nearest to the core to the furthest. Starting in the core,
Register File Prefetching gains 3.1% speed up by coordinating data movement all the way
to the register file instead of stopping at L1 cache [134]. It does so by reworking the ROB
and Out of Order scheduling methods. Working our way outward, the Berti prefetcher
applies the same concept of the entangled prefetcher: pair misses with an PC that occurs
more than the miss latency amount of time in the past [100]. This sets up the prefetch
trigger so that it has enough time to be timely. The reported speed up is over 10% for a
Berti+SPP-PPF multi-level prefetcher that takes 41.8KB of storage. Berti by itself achieves
9% of this 10% with a storage requirement of less than 3KB.

Now, shifting focus to the LLC: Triage from Practical Temporal Prefetching achieves
23% speed up over best offset prefetching [149]. This is through a thorough treatment
of metadata in the LLC to guide the prefetcher. This can be combined with many other
prefetchers through a methodology proposed in Characterizing Machine Learning Based
Runtime Prefetcher Selection [5]. The study results in a 5.8% speed up for a reactive sample
based model (a realistic model to implement). The prefetchers they are selecting from do
not include the state of the art from literature; instead the systems currently implemented
on a consumer chip: best offset, second best offest, next line, and adjacent sector. Altering

these to include some of the best prefetchers could improve the reported results.
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4,5 Evaluation Framework

This evaluation is based on a first-order model and a simulator. For the model, a chip has
n specialized cores, each defined by the specialized component and the provided speed
up. The workload is selected from the SPEC 2017 CPU benchmark suite. A program is
represented by a trace of its gathered performance values. Once a benchmark concludes it
restarts; this keeps the mix of applications and behaviors diverse over time. A test executes
for a fixed time: the length of the longest benchmark in the executing workload.

This model is developed into a trace driven simulator in order to test the configurations,
the scheduler, and the impact of core contention and migration cost. The simulator first ini-
tializes the chip and the scheduler data structures. Each benchmark starts at the beginning
of its execution trace and has its progress tracker set to zero. Then, the simulator enters
the main loop: first, invoke the scheduler on all cores individually making migrations as
necessary. Then, perform a timestep of 10ms for each program currently assigned to a core
- not waiting in the queue for a core. If a program is assigned to a core whose specialization
matches the current state, then the program advances further than on a baseline core; it is
sped up. Due to the representation of the workload, non-uniform scheduling events like

system calls are not included.

Metrics

During evaluation, we compute:

e System-level Speedup: total throughput relative to a baseline with an equal number

general-purpose cores.

o Per-Application Speedup: how each app benefits or suffers under the scheduling
policy.

e Migration Rate: average number of swaps per second across the system.
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e Epoch Utilization: fraction of epochs where apps run on matching specialized cores.

4.6 Results

SAHM'’s results can be viewed in two lights: per benchmark and per configuration. First, a
limited study into the per benchmark speed up is presented. Second, we delve into the
breadth of potential speed ups per benchmark. Third, a general chip and a few specialized
chips are examined. Fourth, we factor in realistic constraints like migration cost into
simulation. The results demonstrate the SAHM system provides speed up even in extreme
cases. Finally, included in an appendix is the whole design space of configurations and
their speed ups. There are too many data points in the space to lead the reader through;

we select the most interesting for this section.

Single Application Limit Study

Goal: What is the limit of the SAHM system in an idealized scenario?

Experiment: We model 5 cores in the canonical configuration: 1 baseline core and 4
specialized cores. The specialized cores provide 30% speed up when an application is
in a behavioral state with the specialized component being stressed. Each benchmark is
individually run on the system with no migration cost. This means there is no contention

for cores. The speed up achieved by each benchmark is shown in Figure 4.7.
Key Takeaway: The majority of benchmarks achieve high speed up and return on investment.

Analysis: These results mirror the portion of time outside of the Low state in the charac-
terization results. Imagick has poor speedup as the vast majority of its time is spent in the
Low state. Similarly for nab and cam4-s. Overall, this confirms that there is opportunity to

increase performance.
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Figure 4.7: The maximum possible idealized speed up by benchmark
Benchmark Breadth

Goal: The size of the design space is difficult to grapple. First, we use the lens of applica-
tion speedup to understand the distribution provided by other chip configurations that are

composed using different number of cores, and different speedups provided by the cores.

Experiment: Each benchmark is simulated on a range of configurations. There is no
contention or migration cost so that we can understand the potential of the design space.
The configurations are as described in Section 4.3 that results in 255 configurations - we
do not include a baseline configuration here in order to tell if an application does not
achieve performance from a configuration that includes specialization. The distribution
per benchmark is displayed in Figure 4.8. The whiskers are the entire range which explains
how the top whisker extends to the ideal speed up as seen in Figure 4.7. The green triangles
show the mean and the orange line is the median. These along with the box of the 25th

and 75th percentile show the skew of the distribution.

Key Finding: The majority of configurations provide speed up to the majority of applications.
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Figure 4.8: Distribution of percent speed up by application; the configurations create the
distribution. The green triangle is the average while the orange line is the median. The box
is the 25% and 75% percentile. The whiskers cover the entire range.

Analysis: The average speed up is 15% across applications. Additionally, the distributions
are skewed toward higher speed up seen through the longer distance to the top of the box
compared to the bottom of the box from the median line. This indicates that the majority of
configurations outperform the average speed up. Furthermore, the average 25th percentile
is over 10% speed up. This demonstrates that even in poorly aligned configurations -
configurations that are missing specialization for the behavioral state the program resides

in most - applications still benefit from specialization.

Generalist vs Specialized

Goal: Considering the vast design space, does incremental progress on a single core

outperform a system of specialized cores in single-threaded performance?

Experiment: We simulate a representative sample of configurations as well as a single
core that has 5% improvement overall. Each benchmark is individually simulated on
a configuration with no migration cost. This provides the best opportunity for single-

threaded speed up to every configuration. The representative configurations are canonical
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5 core systems with 30% speed up for each specialized core except for the core specializing
the branch predictor. In Figure 4.9 we provide the configuration with 30% speed up branch
core for context under ‘All-30%” while also showing systems with the branch core providing

10% and 0% speed up.

Key Finding: Specialized systems for the majority of applications outperform the best an incre-

mental approach can provide.

Analysis: The 25th percentile for each of the specialized systems is, at minimum, 3x the
best speed up the single core achieves. Even for the bottom quarter of applications where
specialization is not fully compatible, the speed up enabled by specialization outperforms

the single core.
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Realistic Simulation

Goal: Now that we understand the theoretical speed ups of the design space, how effective

is the system under real world constraints like migration cost and contention?

Experiment: We simulate a scaled up version of the canonical configuration: it has 7
baseline cores and 8 of each specialized core. 39 cores is chosen as there are 39 benchmarks
to be run on the system. This drastically simplifies results to one workload that captures
the entire diversity of application behavior instead of needing multiple plots explaining
and showing the results for a dozen workload mixes. These results scale to a 32 or 64 core
system with equal numbers of specialized cores because the workload mixes for these
systems will comprise the same behaviors. Therefore, the effects of core contention will
not change. We analyze the same specialized configurations presented in the previous
Section 4.6. From an ideal system using an oracle scheduler, we introduce migration cost,
realistic scheduling, and the inertia component to the scheduler. Figure 4.10 shows the
speed ups for each of 8 constraint configurations. ‘Oracle’ indicates employ of a scheduler
with oracle knowledge of the application states. ‘Ideal” has no migrations cost and thus,
exhibits the effect of solely contention for cores. Migration cost is 1 millisecond in the ‘Cost’
and ‘Inertia” configurations. This cost exceeds reported costs on big. LITTLE machines [68 ]
and recent work [52, 51]. The ‘Inertia’ configuration has a scheduler that uses inertia:
applications that migrate are held to the assigned core for 5 schedulings. Additionally, we
study the impact of higher migration costs to exhibit the stability of achieved speedups
in ‘Inertia+-5ms” and ‘Inertia+9ms’, respectively having 5ms per migration and 9ms per

migration.

Key Finding: In each system configuration, Inertia achieves close to Ideal speed up. Additionally,
the system is robust against high migration cost achieving within 1.5% of the ideal speed up in extreme

migration cost scenarios. This means, for single threaded applications, that specialization
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Figure 4.10: Average application speed up achieved by each configuration under various
constraints. ‘Oracle’ uses an oracle scheduler. ‘Ideal” has no migration cost. ‘Cost” is 1ms
per migration. ‘Inertia’ is Ims per migration with the inertia scheduler. Inertia+time uses
the inertia scheduler while increasing the migration cost to the list time.

is a road ahead for performance improvement.

Analysis: First, realistic scheduling loses less than 1% performance compared to oracle
scheduling. The schedules where oracle knowledge outperforms realistic scheduling are at
the state transitions. These account for 2% of the total schedules. In all configuration and
constraint pairs, applications execute on a core that matches their current stressed compo-
nent approximately 70% of the time. This provides explanation for how each constraint
achieves relatively equal speed up. Furthermore, the Inertia configuration recovers more
than half of the loss from introducing migration overheads. This is the goal of including

inertia in the scheduler.

4,7 Related Work

This section details the related work along two avenues. First, how this chapter compares

to prior phase analysis work. Second, we list some works that already find performance
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gain by adjusting systems for heterogeneous hardware.

Phase Analyses

The classification and prediction of program phases has been a combed through topic
applied to power management [63, 14, 72] and security [103, 67]. Machine learning has
sparked new research especially for prediction [87]. We refer the reader to recent surveys
for a compendium of techniques [32, 2]. This section presents the limitations of these
works and how SAHM differs.

Isci et al. classifies two hardware performance counters through static windows identi-
tying different boundedness phases: from CPU-bound to memory-bound. These phases
lie on one axis and cannot represent as rich a space as is presented in this chapter. The
phases inform prediction, which in turn informs DVFS. The system improves energy-delay
product over the baseline by 18% on average. Similarly, Bui and Kim examined super fine
grain program phases with application to DVFS [14]. The characterization is at cycle-count
granularity. Intervals can be 1 to 100K cycles which is Ins to 100us assuming a 1GHz
frequency: much finer granularity than our analysis in this chapter; however, it is not
teasible to collect entire traces from large benchmarks like those in the SPEC CPU 2017
suite using their methodology. They ran MiBench benchmarks on a processor model on an
FPGA. They find that short duration super fine granularity phases detect and adjust V/F
levels for more power savings: between 1.5 to 2x savings. Overall, these works provide
benefit via DVFES configuration; neither migrates programs to cores more suitable for the
performance/watt expected in the detected phase. In contrast, a core idea of SAHM is
migration based on phase behavior.

More complex classifiers and predictors have been proposed. Alcorta et al. use hardware
performance counters to train a phase classifier and phase predictor both in the single
core [4] and multicore cases [87, 6]. The single core work achieved higher accuracy than

table based methods in phase classification. It also determined that for the combined
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classification and prediction task, two-level k-means clustering was the best classifier for
the majority of predictors. In the multicore case, classification is done to separate data
into multiple predictors - each specialized to a phase. The results shows that phase-aware
LSTM had the best prediction with 23% mean absolute percent error averaged across
the benchmarks studied. Due to their complexity, these phase analysis tools increase
analysis overhead therefore increasing the difficulty in initial implementation in a system
setting. This chapter demonstrates that simple methods are enough to substantially improve

performance.

Support for Heterogeneous CMP

Various areas have gained from exploiting heterogeneous CMP. Cao et al. analyzed VM
services and found opportunity for power and performance gains through placing JIT,
garbage collection, and the interpreter on a different smaller core [16]. Alcorta et al.
applied phase analysis and machine learning to choosing the L2 prefetcher in multicore
chips [5]. The dynamic selection of the prefetcher improved IPC by 5.8% on average. Both
demonstrate that using heterogeneous CMP offers opportunity for improvements when

the systems built on top of the architecture acknowledge the heterogeneity.

4.8 Conclusion

SAHM introduces a principled, empirical approach to identifying opportunities for archi-
tectural specialization based on fine-grained performance counter monitoring. By mapping
runtime behavior to a discrete set of states and designing specialized cores accordingly;,
SAHM pushes the frontier of single-thread performance without requiring speculation or
instruction-level parallelism. Our exhaustive modeling shows that even modest special-
izations can yield substantial gains, offering a compelling path forward for future CPU

designs.
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5 CONCLUSION

Throughout this work strides are taken toward a better architectures and systems. The
IPU can assist both architects and developers to create a more cohesive computer thereby
improving single thread performance. NeuroScalar combats the growing problem of non-
representative benchmarks for testing new systems. In the long run, these tests will create
better architectures. SAHM is a direct approach to improving single thread performance
by diversification and careful informed management. Each of these contribute to a larger
overall goal: improving single thread performance.

Each proposed system enlightens a new method toward this goal. IPU and Neuroscalar
take a unique perspective by running tests in the field. The IPU, meant as a flexible unit,
uses an FPGA and a simple core to dramatically increase the availability of analysis at levels
here-to unknown. The unit is powerful enough to perform complex component testing
prior to fabrication while using off-the-shelf hardware enabling developers easy access to
create PICS for example. In a different vein, Neuroscalar proposes using machine learning
to estimate latencies of different hardware configurations in real-time, enabling A/B testing.
It uses either commodity parts for mass general deployment or a specialized accelerator
for focused in-house testing. Both options increase the speed of design space exploration
recouping and saving more than the initial training costs. Finally, SAHM proposes a new
system informed by program state. Our experiments using the current state of the art as
modeled speed up show a high return on investment for the diverse specializations.

These three systems provide enormous potential for improving single thread perfor-

mance as well as informing the architecture design cycle at a more rapid pace.
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A APPENDICES

The following appendices list which chapter they are for. Much of the material is expansions

or supporting details of the work presented that does not add to the overall argument.
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A.1 NeuroScalar Appendix

We provide results that expand on those presented in the chapter. These are provided for

completeness.

Table A.1: Detailed parameter shapes and counts of the proposed model.

Parameter Shape #Params
input_proj.weight [256, 13] 3,328
input_proj.bias [256] 256
rnn.weight_ih_10 [1024,256] 262,144
rnn.weight_hh_10 [1024, 256] 262,144
rnn.bias_ih 10 [1024] 1,024
rnn.bias_hh_10 [1024] 1,024
rnn.weight_ih_I1 [1024,256] 262,144
rnn.weight_hh_11 [1024, 256] 262,144
rnn.bias_ih 11 [1024] 1,024
rnn.bias_hh_11 [1024] 1,024
cls_fcl.weight [64, 256 16,384
cls_fcl.bias [64] 64
cls_fc2.weight [2, 64] 128
cls_fc2.bias [2] 2
output_layer_short.weight  [1,256] 256
output_layer_short.bias [1] 1
output_layer_long.weight [1,256] 256
output_layer_long.bias [1] 1

Total - 1,073,348
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Table A.2: Foundation model (TraceFusion-13) evaluated per benchmark (held-out splits).
Error-centric metrics are emphasized; Acc(round) is reported for reference. All numbers

are fractions except MAE/RMSE (cycles).

Benchmark rel<5%71 RAE| MAE|] RMSE| +11 £271 Acc(round) (ref)t
blender 0.7791  0.1862 0.5795 4.0245 0.9158 0.9646 0.7774
camé4 0.7941 0.1367 0.3762 4.9745 0.9490 0.9803 0.7913
deepsjeng 0.7104  0.2580 0.9147 6.3028 0.8579 0.9430 0.7102
exchange?2 0.7614 0.2016 0.6695 3.9367 0.8960 0.9579 0.7599
gcce 0.7189  0.2650 0.9408 7.5068 0.8607 0.9378 0.7174
imagick 0.6098 0.3425 0.8163 2.2620 0.7827 0.9043 0.6098
leela 0.6714  0.3358 1.2239 6.1895 0.8163 0.9160 0.6704
mcf 0.6174  0.3795 2.4035 23.5354 0.7768 0.8997 0.6171
nab 0.6240 0.3844 1.4612 6.7714 0.7802 0.8947 0.6232
namd 0.8156  0.1415 0.4563 4.2321 0.9391 0.9725 0.8116
omnetpp 0.7263  0.2539 0.9170 5.9410 0.8637 0.9377 0.7244
parest 0.6252  0.5029 3.5813 34.1094 0.8002 0.8999 0.6246
perlbench 0.8064 0.1347 0.3520 4.8300 0.9570 0.9836 0.8054
povray 0.8333  0.1140 0.3143 1.7281 0.9545 0.9821 0.8318
xalancbmk 0.7263  0.2454 09135 8.8675 0.8739 0.9415 0.7231
XZ 0.6790 0.3386 1.2454 6.5660 0.8388 0.9159 0.6782

Table A.3: Pairwise ordering per benchmark (Part I). Each cell shows Match rate /| GT-better

/ Non-zero.

Benchmark

4w+mem< 8w

4w+mem< rob

4w+mem< Isq

4w+mem< 6w+ls

8w< rob

blender
cam4
deepsjeng
exchange?2
gec
imagick
leela

mcf

nab

namd
omnetpp
parest
perlbench
povray
xalancbmk
XZ

92.75 / 13.80 / 39.21
96.46 / 16.28 / 35.99
90.49 / 14.75 / 39.38
92.74 / 14.70 / 39.19
90.00 / 16.00 / 38.79
81.62 / 15.33 / 34.47
89.80 / 15.12 / 38.53
89.36 / 15.99 / 43.49
89.00 / 14.85 / 34.70
94.37 / 15.04 / 40.05
89.45 / 15.83 / 37.66
88.52 / 16.38 / 43.81
96.29 / 15.16 / 37.91
95.09 / 14.78 / 33.47
89.72 / 15.50 / 34.52
92.00 / 14.58 / 41.66

92.73 / 13.81 / 39.30
96.45 / 16.29 / 36.05
90.45 / 14.77 | 39.47
92.75 / 14.71 / 39.28
89.99 / 16.03 / 38.87
81.40 / 15.31 / 34.61
89.77 / 15.12 / 38.64
89.29 / 16.05 / 43.61
88.98 / 14.89 / 34.81
94.37 / 15.06 / 40.15
89.45 / 15.86 / 37.74
88.50 / 16.40 / 43.86
96.28 / 15.16 / 38.02
95.09 / 14.78 / 33.56
89.72 / 15.50 / 34.64
91.95 / 14.59 / 41.75

92.72 / 13.81 / 39.39
96.47 / 16.29 / 36.12
90.41 / 14.76 / 39.57
92.76 / 14.69 / 39.37
89.97 / 16.02 / 38.95
81.18 / 15.29 / 34.75
89.74 / 15.11 / 38.74
89.22 / 16.08 / 43.73
88.96 / 14.87 / 34.91
94.37 / 15.06 / 40.24
89.46 / 15.86 / 37.83
88.48 / 16.41 / 43.92
96.28 / 15.13 / 38.13
95.08 / 14.77 / 33.64
89.72 / 15.47 | 34.76
91.92 / 14.59 / 41.83

92.72 / 13.83 / 39.48
96.49 / 16.30 / 36.18
90.38 / 14.79 / 39.66
92.77 / 14.70 / 39.46
89.97 /16.03 / 39.02
81.01 / 15.30 / 34.88
89.72 / 15.13 / 38.83
89.16 / 16.14 / 43.85
88.94 / 14.89 / 35.02
94.38 / 15.09 / 40.32
89.47 / 15.89 / 37.91
88.47 / 16.45 / 43.97
96.28 / 15.15 / 38.24
95.08 / 14.79 / 33.72
89.73 / 15.47 / 34.88
91.89 / 14.65 / 41.91

92.73 / 13.76 / 39.41
96.48 / 16.25 / 36.14
90.41 / 14.74 / 39.60
92.80 / 14.62 / 39.39
89.98 / 15.95 / 38.98
81.14 / 15.27 / 34.79
89.75 / 15.07 / 38.77
89.17 / 16.04 / 43.83
89.01 / 14.82 / 35.05
94.38 / 15.02 / 40.26
89.48 / 15.82 / 37.87
88.48 / 16.35 / 43.92
96.27 / 15.10 / 38.17
95.08 / 14.75 / 33.66
89.76 / 15.39 / 34.88
91.91 / 14.56 / 41.85
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Table A.4: Pairwise ordering per benchmark (Part II). Each cell shows Match rate | GT-better

/ Non-zero.

Benchmark 8w Isq 8w 6w+ls rob< Isq rob< 6w+ls Isq< 6w+ls

blender 92.76 / 13.72 / 39.34 92.79 / 13.75 / 39.28 92.82 / 13.72 / 39.21 92.86 / 13.75 / 39.15 92.89 / 13.78 / 39.08
cam4 96.46 / 16.22 / 36.11 96.47 / 16.25 / 36.07 96.46 / 16.22 / 36.03 96.47 / 16.25 / 36.00 96.50 / 16.28 / 35.92
deepsjeng  90.44 / 14.71 / 39.54 90.46 / 14.74 / 39.48 90.50 / 14.72 / 39.42 90.52 / 14.75 / 39.36 90.55 / 14.77 / 39.29
exchangeZ 92.82 /14.60 / 39.32 92.85 / 14.62 / 39.25 92.88 / 14.60 / 39.18 92.92 / 14.63 / 39.11 92.94 / 14.63 / 39.01
gec 89.99 /15.92 / 38.93 90.00 / 15.95 / 38.89 90.02 / 15.93 / 38.84 90.04 / 15.95 / 38.80 90.07 / 15.97 / 38.71
imagick 81.25 /1524 / 34.71 81.34/15.26 / 34.62 81.47 / 15.26 / 34.53 81.61 / 15.29 / 34.43 81.73 / 15.32 / 34.35
leela 89.76 / 15.04 / 38.70 89.78 / 15.08 / 38.64 89.81 / 15.06 / 38.57 89.83 / 15.09 / 38.51 89.87 / 15.11 / 38.42
mcf 89.17 / 16.00 / 43.82 89.17 / 16.02 / 43.81 89.18 / 1598 / 43.80 89.18 / 15.99 / 43.78 89.18 / 16.01 / 43.75
nab 89.04 / 14.80 / 35.09 89.07 / 14.82 / 35.12 89.11 / 14.79 / 35.14 89.14 / 14.82 / 35.17 89.21 / 14.83 / 35.12
namd 94.40 / 14.98 / 40.21 94.42 / 15.00 / 40.15 94.44 ) 14.97 / 40.10 94.47 / 15.00 / 40.04 94.49 / 15.01 / 39.97
omnetpp  89.51 /15.79 / 37.82 89.55 /15.82 / 37.78 89.58 / 15.79 / 37.73 89.62 / 15.82 / 37.69 89.66 / 15.84 / 37.62
parest 88.47 /16.30 / 43.87 88.47 / 16.32 / 43.82 88.48 / 16.28 / 43.77 88.50 / 16.30 / 43.72 88.52 / 16.33 / 43.65
perlbench  96.27 / 15.09 / 38.10 96.28 / 15.12 / 38.03 96.30 / 15.12 / 37.96 96.32 / 15.16 / 37.89 96.34 / 15.16 / 37.79
povray 95.09 / 14.73 / 33.60 95.11 / 14.77 / 33.55 95.12 / 14.74 / 33.50 95.14 / 14.77 / 33.45 95.15 / 14.81 / 33.37
xalancbmk 89.79 / 15.36 / 34.88 89.83 / 15.38 / 34.88 89.87 / 15.35 / 34.88 89.90 / 15.37 / 34.88 89.95 / 15.37 / 34.85

Xz

91.96 / 14.48 / 41.78

91.97 / 14.53 / 41.72

92.03 / 14.45 / 41.65

92.05 / 14.51 / 41.59

92.06 / 14.56 / 41.53
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Figure A.1: Distribution of GPU throughput across repeated runs. Boxplot visualization
complements Table 3.2, showing variability and stability of inference speeds.
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A.2 SAHM Appendix

This figure shows the distribution of potential speed ups given a configuration. Each graph
is associated with a branch configuration while each vertical gridline has the rest of the
configuration listed on the x-axis. For example, the leftmost boxplot of the bottommost
graph is the configuration with a baseline core and a branch specialty core that provides a

speed up of 30%.
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Figure A.3: Distribution of application speed up by configuration. The whole design space

is listed with the branch specialized core broken out into a chart each while the the rest
of the cores are listed on the x-axis in ascending amount of speed up. Green triangle is

mean while orange line is median. Box is 25% and 75% percentiles and the whiskers are

the entire range.
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