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Abstract

Using Criticality
To Attack Performance Bottlenecks
by
Brian Allen Fields
Doctor of Philosophy in Computer Science
University of California, Berkeley
Professor Rastislav Bodik, Chair

We observe that the challenges software optimizers and microarchitects face every day
boil down to a single problem: bottleneck analysis. A bottleneck is any event or resource that
contributes to execution time, such as a critical cache miss or window stall. Tasks such as tuning
processors for energy efficiency and finding the right loads to prefetch all require measuring the
performance costs of bottlenecks.
In the past, simple event counts were enough to find the important bottlenecks. Today, the
parallelism of modern processors makes such analysis much more difficult, rendering traditional
performance counters less useful. If two microarchitectural events (such as a fetch stall and a cache
miss) occur in the same cycle, which event should we blame for the cycle? What cost should we
assign to each event?
In this work, we propose a new way of thinking about performance that employs a global
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view of program execution to determine the criticality of program events. With the new-found
understanding that a rigorous notion of criticality provides, we can correctly identify which events
are bottlenecks, something that is not generally possible with event counts alone. Our work goes
even further, however. We can also quantify how much a particular bottleneck costs to execution
time, how much slack a non-bottleneck event has, as well as how the cost and slack of multiple
events interact with each other.
This thesis makes the following key contributions:

• Fundamental metrics. We have gleaned from the seemingly diverse space of performancerelated problems a few fundamental requirements of a performance analysis methodology for
modern machines: measuring and interpreting cost, slack, and interactions.
• Modeling. We have shown how to construct dependence-graph models capable of representing the critical path of modern, parallel machines.
• Measuring. We have developed software algorithms for efficiently computing the cost,
slack, and interactions for large numbers of micro-operations.
• Interpreting. We have characterized the types of interactions that are possible and shown
how they can be exploited in design and optimizations.
• Hardware Support. We have developed inexpensive hardware capable of measuring criticality online and proposed a profiling infrastructure (enhancing performance counters) that
enables measuring of the more sophisticated cost, slack, and interaction metrics for real program executing on real machines.

3
• Case Studies. We have illustrated through case studies how our performance analysis technology can tackle some of the problems that face architects and optimizers.

While this thesis focuses on microprocessors, many of the techniques are applicable to
parallel systems in general. To illustrate the generality, we briefly illustrate how to model a chip
multiprocessor using our dependence-graph abstraction. Once the graph is constructed, all of the
criticality metrics discussed throughout the thesis can be measured and interpreted.

Professor Rastislav Bodik
Dissertation Committee Chair
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Chapter 1

Introduction
During the design and optimization of a microprocessor, the quintessential question is
“Where have all the cycles gone?” The answer is they’ve gone to bottlenecks, and designers will
spend many months simply identifying the bottlenecks (e.g., limited fetch bandwidth or a too small
instruction window) of current processors in preparation for designing a new one. Furthermore,
optimization systems (such as compilers or cache-line prefetchers) must judiciously choose which
bottlenecks to target since most optimizations involve a difficult tradeoff between their benefit and
the overhead they incur.
Despite its importance, bottleneck analysis has not kept pace with the increasing performance complexity of computer systems. The predominant form of analysis employed today, based
on event counts (e.g., number of cache misses), was invented at a time when processors were simple pipelines, which means they executed one instruction at a time and did so in program order.
Today, even high latency events, such as cache misses, might have no effect on performance due
to parallel execution with other instructions. In fact, we have found that the effective performance
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cost of individual cache misses and branch mispredicts can differ by over an order of magnitude.
This observation points to a limitation of event counts: What good is a cache-miss count if we don’t
know how costly those cache misses are?
In this work, we propose a new way of thinking about performance that employs a global
view of program execution to determine the criticality of program events. By measuring criticality,
we can correctly ascertain what events in a complex, parallel microprocessor are bottlenecks and
which could be delayed without any performance harm.

1.1 Why Existing Analysis is Inadequate
Before describing our proposal, however, let’s take a closer look at why existing performance analysis is inadequate for modern machines. The prevailing performance analysis is often
ineffective at answering questions important to designers and programmers. The problem is that
current analyses — designed for simple in-order pipelines — have been outgrown by complex architectures that exploit parallelism aggressively. To understand why, consider a typical equation
used in Hennessey and Patterson’s textbook [48] (Figure 5.9):
CPU execution time = (CPU clock cycles + Memory stall cycles) × Clock cycle time
Memory stall clock cycles = Number of misses × Miss penalty
where miss penalty is usually defined as miss latency.
This equation typifies event-count analysis, where the contribution of a processor resource
(in this case, the memory hierarchy) is obtained by counting the number of events (e.g., cache
misses) and multiplying by the latency of the event (e.g., miss penalty). While such equations work
well for a simple in-order processor, they can be inaccurate for machines that exploit significant
parallelism, e.g., out-of-order or multiple-core processors.
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Considering the simple example of a nonblocking cache causing two cache misses to
execute completely (or partly) in parallel. The above equation would attribute two miss latencies to
memory stall cycles, when, in reality, one latency was “free,” because it was hidden under the other
latency. With out-of-order execution, ALU operations can overlap with each other and with cache
misses. In the latest version of the textbook, Hennessey and Patterson acknowledge the problem
and lack of a good solution (p. 412).
Recognizing this problem, researchers over the past decade have often referred informally
to concepts such as the “critical path” and “latency tolerance” to explain otherwise unexplainable effects on performance. Sometimes understanding these effects was so important for the research that
ad-hoc methods were developed to quantify them. These methods lack an underlying appreciation
for the nature of the problem, however.
For example, consider the commit-attribution breakdowns that are common in many papers [68, 79, 80, 107, 74, 48]. With this methodology, heuristics are used to blame particular dynamic instructions for cycles where no instructions are committed. Although this technique captures
some parallel behavior that simple event counts miss (e.g., our experiments showed the percentage
of execution time attributed to memory stalls was mostly accurate), it is not able to explicitly measure the interactions between groups of events. An example of a typical interaction is ALU operations overlapped with cache misses; a more subtle one would be fetch stalls overlapped with issue
bandwidth. This lack of accounting for interactions is evident in how the breakdowns are reported,
with one category for each resource of interest (e.g., cache misses, branch mispredictions). We
know intuitively, however, that is impossible to account for 100% of execution time by assigning
blame for each cycle to individual resources. Interactions cause multiple resources to be responsible
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for a single cycle.

The Growing Importance of Bottleneck Analysis.

We pointed out above why current perfor-

mance analysis techniques often lead to inaccurate accounting in modern machines. What we have
not discussed is why this problem is so important to solve. Our claim is that having a robust performance analysis methodology is much more important now than it was in the past and will become
even more crucial in the systems of the future. The reason is that design and optimization tradeoffs
that could be resolved through intuition in the past are now often too complex even for experts in
the field. In the next section we will discuss some of the challenges that designers and optimizers
face.

1.2 Bottleneck Analysis Applications
Processor Design.

Performance effects often surprise designers, and the complexity increases

each processor generation. For example, the effect of so-called “replay tornadoes” in the Pentium 4
— where a mispredicted data dependence of a load instruction causes cascading aborts of instructions that consume the incorrectly loaded data — can cause a great deal of performance variability in
applications. Sometimes this sophisticated selective replay mechanism incurs penalties significantly
greater than a simple “replay everything” approach. When this happens, the technique designed to
eliminate a bottleneck becomes a bigger bottleneck than the one it is targeting.
Moving forward, the increasing performance complexity will be in the form of manythreaded execution. Intel’s Hyperthreading [65], also known as simultaneous multithreading, has
performance that is so variable that some users opt to disable it entirely. The bottlenecks are difficult
to identify as they can involve complicated resource contention between multiple threads. In fact,
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there is no way to know whether hyperthreading is helping or hurting except to disable it, run
again the same set of applications with the same inputs, and see if that results in a speedup. If we
could identify the bottlenecks, we could determine whether contention between threads or shared
resources is what is hurting performance, enabling an intelligent decision as to whether to run one
or more threads.
In the past, designers have often dealt with complexity in the same manner that civil
engineers (used to) design bridges: over-engineer anything that is not understood well enough to
be done precisely. For instance, if we suspect threads in an SMT machine are competing for scarce
resources, we could simply make all resources abundant — or at least as many as chip space permits.
This solution is no longer viable. The increasing importance of keeping energy consumption as low
as possible necessitates judiciously choosing what work to do when. It has become very important
to quantify bottlenecks, determining the performance effect of performing a piece of work now
versus later.
To generalize the problem space, the processor design questions we address in this thesis
include:

• Performance Breakdowns. How can we construct a complete breakdown of processor performance? For example, what percent of execution time should be attributed to cache misses
or branch mispredicts; and what percent should be attributed to a combination of the two?
• Design-space Search. How can we search a huge design space quickly and with a high level
of confidence that we did not settle for a local optimal? Understanding bottlenecks makes it
easier to avoid building an unbalanced processor that could be improved by trading off, for
example, an overly large instruction window for additional level-one cache.
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Optimization in Hardware.

An ever-present challenge in computer architecture is to make op-

timal use of scarce resources, whether those resources be limited functional units or a constrained
power budget. Since some instructions and microprocessor events are bottlenecks while others are
not, a priority system seems important for optimizing performance. This problem of resource arbitration is becoming more important since, although chip real estate is abundant, energy budgets
are becoming tighter and increasing wire delays have introduced a new scarce resource of “spatial
closeness”. A related problem is knowing when to use resources to apply aggressive speculation
and when such efforts could be better used elsewhere, e.g., to run other threads.
In their quest to make most efficient use of available power, architects have explored ideas
to reconfigure the hardware on the fly, both in terms of dynamically adjusting the frequency as well
as resizing hardware structures, such as the instruction window (e.g., [87], [8]). In performing
such optimizations, they encounter a problem similar to that of hyperthreading above: it is very
difficult to know whether an alternative configuration is effective without trying it out first. It is
difficult to infer from performance counts whether a particular resource can be degraded without
hurting performance and it is even more difficult to know whether increasing frequency or window
size might improve performance. What is needed is a bottleneck analysis that can identify critical
resources dynamically to guide reconfiguration.
In summary, some performance analysis hardware optimization questions designers struggle with include:

• Resource Arbitration. How should we effectively arbitrate for scarce resources? More
specifically, what priority policies should be used for scheduling instructions and microoperations to use limited cache ports, window slots, or functional units.
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• Speculation Control. How should we control speculation to improve the risk/benefit tradeoff?
• Dynamic Reconfiguration. How can we dynamically reconfigure the hardware and frequency to match the needs of a program?

Software Optimization.

The process of optimizing programs presents a set of performance ques-

tions of its own. The traditional notion that a load that causes many cache misses should be
prefetched, scheduled sooner, or otherwise given priority, is no longer necessarily true. As discussed above, instruction-level parallelism can “hide” the latency of some cache misses completely
by performing other useful work during its processing, in which case the cache miss is no longer
a bottleneck. In the future the problem will become much more daunting: it may be that an entire
thread is hidden behind other threads, so that none of the cache misses in that thread are critical.
Whether a thread is hidden will depend on many variables of the program’s execution, such as
the balance of work between processors, contention for shared memory, and the nature of data dependences between threads. A method for identifying whether individual cache misses (or other
processor events) are bottlenecks or not will somehow need to consider all of these effects simultaneously.
In the near future, programmers will be presented with a new and, in many cases, extremely difficult problem: how to update their applications to take advantage of multiple processing
cores. Of course, the multiple cores are only useful if they can reduce or eliminate the bottlenecks
present in the single-threaded execution. As of now, the tools that support programmers in this task
are woefully lacking. To determine how programs should be cut into task-sized chunks requires
a very high level of expertise and judgment. Furthermore, there is no way to know whether one

9
configuration is better than another except to try them both out and see which one runs faster.
Software optimization problems can be summarized as:
• Performance Profiling. How can we know which instructions are bottlenecks (and should
be targeted for optimization) and which should be left alone since they are already hidden
behind other useful work?
• Performance Estimation. How can we save programmer effort by telling them in advance
the effect of a given software organization (e.g., the division of a program into tasks for
execution on a CMP) before they rewrite the code?

1.3 Grand Challenges
Our primary thesis is that all of the above performance analysis questions can be addressed
with a fundamental understanding of the criticality of events during a program’s execution. When
we use the word “event” here, we are assuming a broad definition which encompasses all sorts of
architectural and microarchitectural features, such as cache misses, branch mispredicts, load-storequeue-full stalls, and multiprocessor communication. We will explore the notion of criticality by
posing three challenge questions that have directed the course of our work.
• Cost. How costly is an event to execution time? (i.e., how much can execution time possibly
be reduced by optimizing the event?)
• Slack. How much slack does an event have? (i.e., how much can the event be slowed down
or a resource reduced in size before increasing execution time?)
• Interactions. How do the cost and slack of multiple events interact with each other?
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It is clear how answering these questions would lead to solutions to some of the performance analysis problems discussed in the previous section. For example, knowing how costly each
instruction execution is would make designing an effective resource arbitration policy straightforward, since the most costly should be given highest priority for scarce resources. For other problems,
the connection may not be immediately obvious, i.e., how can we use cost, slack and interactions to
enable a quicker design-space search. Part of our work in developing our thesis will be to illustrate
the connection through case studies (Chapter 7).

1.4 Our Approach
We set out to tackle the above challenges in three steps. The first is to develop a new way
of modeling program performance that is complete enough for us to measure criticality metrics,
since it is clear that traditional performance counters are not sufficient (Chapter 3). The second step
is to develop algorithms for measuring and interpreting cost, slack, and interactions (Chapter 4).
Finally, to make the methodology usable in practical optimizations on real software, we proposed
hardware support for measuring criticality metrics online as well as a new profiling infrastructure to
enhance existing performance counters (Chapter 6).

Modeling.

A crucial requirement to achieve our goals is to capture the parallelism in the program

execution. The most straightforward way to do this would be to observe the entire set of events that
occur each machine cycle. At first glance, such a representation would appear to encompass all you
would ever need to know about a program’s execution. It misses a critical component, however,
that is needed to understand why each event occurred when it did (as opposed to earlier or later).
For this purpose, we need to observe the dependence constraints that occur between the events. In
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fact, a graph containing these dependence constraints, labeled with latencies, is all that is needed to
effectively represent a program execution’s performance behavior.
In the dependence graph, each node represents the beginning of a very low-level microoperation — examples include an instruction being fetched and an instruction being “woke-up”
once it becomes data ready. Edges between these nodes represent constraints that must be satisfied
for each micro-operation to “fire”. For example, if the machine requires in-order fetching of instructions, dynamic instruction i + 1 cannot be fetched until after i is fetched. Thus, an edge would be
placed from i’s fetch node to i + 1’s fetch node. If i happened to be a branch that was mispredicted,
an edge would be placed from i’s execute node to i + 1’s fetch node, since the correct output of
the branch must be produced before the next correct-path instruction can be fetched. A complete
examination of how the graph models are constructed and validated for a particular machine is the
subject of Chapter 3.

Measuring and Interpreting.

Relatively simple algorithms can be applied to these dependence

graphs to compute cost and slack. Measuring and especially interpreting interactions requires some
additional theoretical grounding, however. If two micro-operations a and b interact, it means that
optimization decisions involving cost or slack should consider both a and b together. In other
words, if we make optimization decisions targeting a, those decisions might impact the cost or
slack characteristics of b.
We have found it most practical to treat interactions differently when doing a slack analysis than when performing a cost analysis. The quintessential example of an interaction involving
cost is two cache misses that are being serviced simultaneously. If we consider either miss in isolation, it may appear there would be no benefit in performing an optimization, since the other miss
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would still limit performance. In other words, the individual cost of either miss is zero cycles.
If we optimize both misses, however, substantial performance improvement could result. In other
words, the aggregate cost of the two misses together is large. We refer to this type of interaction as
a parallel interaction, since it occurs when multiple events occur in parallel.
There is no equivalent to a parallel interaction for slack. Instead, slackful events often exhibit what we call serial interactions, which, as the name implies, occurs between micro-operations
in series — i.e., when there is a dependence-edge chain leading from one micro-operation to the
other. The interaction occurs when an entire (non-critical) dependence-chain has some number of
slack cycles. Since increasing the latency of one micro-operation increases the latency of the entire
chain, the micro-operations on the chain must share the slack cycles when performing optimizations. For example, if eight cycles of slack are available on the chain, the sum of the increased
latency of all micro-operations on that chain cannot exceed eight without increasing execution time.
We deal with these sorts of interactions by apportioning a specific share of the slack to each microoperation prior to performing optimizations. Since the amount a micro-operation can be delayed is
bound by the amount it is apportioned, the apportioning policy is very important for optimization
success.
During the course of the research we were surprised to discover that serial interactions
exist for cost as well. Two micro-operations on the critical path (a and b) will often exhibit a serial
interaction when there is a nearly critical secondary path. In the case of a serial interaction, a and
b share a certain number of cost cycles, meaning that improving either a or b can eliminate those
cycles.
In summary, there are two ways of dealing with interactions: (1) measure explicitly the
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degree of interaction between each pair (or triple, etc.) of events or (2) use an apportioning scheme
that takes interactions into account but, after apportioning is complete, the optimization engine does
not need to have any knowledge of them. We have found in practice that the first scheme is most
suitable for cost analysis while the second is best for slack analysis. A complete discussion of cost,
slack, and interactions is the subject of Chapter 4.

Hardware Support. While the graph model can be used to efficiently compute criticality metrics
using standard algorithms in software, hardware presents much more restrictive constraints on the
implementation. Due to these constraints, some innovation is required to effectively compute cost,
slack, and interactions for real programs running on real machines.
We take two basic approaches to developing hardware solutions depending upon how the
criticality measurements will be used. If we plan to use the measurements for “tight-loop” dynamic
optimization, where the criticality information is consumed immediately by a control policy, a pure
hardware solution is required. On the other hand, if we wish to understand the performance characteristics of an application in order to reorganize or optimize the software code, a better profiling
system analogous to currently existing hardware counters may be all that is needed.
For the pure hardware approach, we developed a criticality analyzer that can efficiently
detect with high accuracy whether a single dynamic micro-operation is on the critical path or not.
The analyzer is very lightweight, requiring two components. The first is a set of hardware “probes”
that detect last-arriving edges going into each node of the graph model. A last-arriving edge is the
dependence constraint that delays the beginning of its target micro-operation the longest. Detecting
last-arriving edges is relatively easy for the hardware since, during the actual execution, it is usually
easy to simply observe which dependence constraint is resolved last. The second component is a
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mechanism for token-passing, described below.
The algorithm for the criticality analyzer works by planting a token into a node n and then
passing that token forward along last-arriving edges (copying the token if a node has multiple outgoing last-arriving edges). The token-passing terminates if all copies of the token reach nodes with
no outgoing last-arriving edges. Since critical edges are necessarily last-arriving edges, n is definitely not on the critical path if the token-passing terminates. The longer the token-passing proceeds
without terminating, the more likely n is on the critical path. Token-passing can be implemented in
one of two ways: by a read-modify-write sequence on a small array or inline within the core of the
machine. We discuss the tradeoffs of the two approaches in Chapter 6.
While the advantages of the criticality analyzer are that it is inexpensive to implement and
provides quick feedback for optimizations, the disadvantage is that it only detects simple criticality
and not cost, slack, or interactions. We developed a simple enhancement to detect slack, albeit
with a substantial reduction in accuracy, but for the more sophisticated metrics a different approach
is required.
For measuring cost, slack and interactions, we developed a new profiling system suitable
for replacing performance counters. The profiling system works by collecting a small amount of
information from the hardware executing the program such that segments of the dependence graph
for that program can be constructed offline. The hardware is kept inexpensive by allowing the
sampling to be sparse: only one dynamic instruction needs to be monitored by the hardware at
any one time. Dependence graph segments can still be reconstructed from these samples since,
empirically, the same sequence of dynamic instructions (with similar microarchitectural behavior)
recurs often in a program run. It is the most frequently recurring sequences for which it is most

15
important to construct a representative graph. Samples of individual dynamic instructions are glued
together to form a sequence by matching a small number of microarchitectural context bits. These
context bits are collected for each sample by the hardware and consist of one bit indications of
whether cache misses, branch mispredicts, etc., occurred in the vicinity. Once the graph fragments
are constructed offline, all of the standard algorithms for computing cost, slack and interactions can
be applied. We call the system shotgun profiling, due to the similarity of the algorithm to shotgun
genome sequencing [40]. A complete discussion can be found in Chapter 6.

Summary. The goal of our work is to provide a new set of analysis tools to tackle the difficult
performance problems facing architects and optimizers targeting the complex, parallel computer
systems of the future. To this end, we have made the following key contributions:
• Fundamental metrics. We have gleaned from the seemingly diverse space of performancerelated problems a few fundamental requirements of a performance analysis methodology for
modern machines: measuring and interpreting cost, slack, and interactions.
• Modeling. We have shown how to construct dependence-graph models capable of representing the critical path of modern, parallel machines (Chapter 3).
• Measuring. We have developed software algorithms for efficiently computing the cost,
slack, and interactions for large numbers of micro-operations (Chapter 4).
• Interpreting. We have characterized the types of interactions that are possible and shown
how they can be exploited in design and optimizations (Chapter 4).
• Hardware Support. We have developed inexpensive hardware capable of measuring criticality online and proposed a profiling infrastructure (enhancing performance counters) that
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enables measuring of the more sophisticated cost, slack, and interaction metrics for real program executing on real machines (Chapter 6).
• Case Studies. We have illustrated through case studies how our performance analysis technology can tackle some of the problems that face architects and optimizers (Chapter 7).

Considering that it appears no longer possible to simply expect better transistor technology to provide increased value for new machines, there will be increased pressure on designers
to produce innovative solutions, for which understanding performance is crucial. We believe our
contributions have substantially improved the state-of-the-art of performance analysis, providing
methodologies that should help architects and optimizers deal with the high level of parallelism in
the increasing complex machines being built today.

17

Chapter 2

Related Work
The use of critical path and slack in project management was introduced by the Navy
in 1958 as part of the Polaris project, whose goal was to develop a system capable of launching
ballistic missiles from submarines [115]. The Program Evaluation and Review Technique (PERT)
charts developed for this project had a node for each “milestone” and each incoming edge to a node
was a task that needed to be completed before the milestone was reached. This graph construction
has become very popular in managing large projects and bares some similarities to the modeling
that we introduce for microprocessors in Chapter 3.2.1.
One of the first works that considered parallelism in microprocessors when determining
the performance effect of events (specifically, of cache misses) was by Srinivasan and Lebeck [104].
They defined an alternative measure of the critical path, called latency tolerance, that provided nontrivial insights into the performance characteristics of the memory system. Their methodology
illustrated how difficult it is to measure criticality even in a simulator wherein a complete execution
trace is available. Their latency tolerance analysis involves rolling back the execution, artificially
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increasing the latency of a suspected non-critical load instruction, re-executing the program, and observing the impact of the increased latency. While their methodology yields an interesting analysis
of memory accesses, their analysis cannot (easily) identify criticality of a broad class of microarchitectural resources, something that we can achieve with our modeling. A rollback simulator also
presents some practical problems to use a measurement tool since it will tend to be a very difficult
piece of software to write and is unlikely to be highly efficient in his measurements.

Heuristic Predictors of Criticality.

Once it became clear to the architecture community that it

was important to take parallelism into consideration when developing policies for optimizations,
many efforts were made to estimate which events were critical and which were not. Without a criticality model to guide this estimation, researchers resorted to various heuristics. While these heuristics are sometimes successful in various circumstances, we have found through experimentation that
they do not provide the high-quality criticality identification over a large range of microarchitectural
events that our modeling achieves. A few of these heuristics are explored alongside our criticality
work in later chapters.
One of the first heuristic predictors was proposed by Fisk and Bahar [39]. They explored
hardware approximations of Srinivasan and Lebeck’s latency-tolerance analysis. Their first heuristic
used absolute performance as its indicator: if IPC degrades below a certain threshold while a miss
is being serviced, that load is considered critical. This is very similar to the approach used in many
hardware structure resizing papers (e.g., [41, 8]). They also looked at heuristics based on the number
of dependencies that exist on a cache-missed load’s dependence graph. The intuition here is that, if
a load’s data is going to be used by many instructions, perhaps it is important to performance (hence
critical).
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Calder et al. [19] guide value prediction by identifying the longest dependence chain in
the instruction window, as an approximation of the critical path, without proposing a hardware
implementation. This approximation loses accuracy for two reasons: (1) they are only examining a
very small, local region of the execution, while criticality is a global characteristic and (2) they only
look at data-dependence chains even though resource constraints are often a more influential factor
in determining the critical path. These two inaccuracies are related since, as we show in Chapter 3,
it is necessary to model resource constraints in order to obtain a global measure of criticality.
Tune et al. [110] presented a systematic study of a large number of heuristics-based predictors, using the notion of the critical path as intuition. These heuristics looked for various architectural events that could indicate an instruction was critical. For instance, one of their heuristics
identified any instruction that reaches the head of the re-order buffer before being executed as critical. We have found in our experiments that their heuristics often miss some critical instructions and,
even more significantly, falsely identify a large number of noncritical instructions as critical.
Tune et al. also developed a methodology for judging the accuracy of a critical-path
predictor, which involved measuring the ratio of the performance improvement from reducing the
latency of instructions identified as critical to those identified as noncritical — the higher the ratio,
the better the predictor. We use their methodology as part of our validation procedure (Section 3.4).
Srinivasan, et al. [103] proposed a heuristics-based predictor of load criticality inspired by
their above mentioned latency-tolerance analysis. Their techniques consider a load as critical if (a)
it feeds a mispredicted branch or another load that cache misses or (b) the number of independent
instructions issued soon following the load is below a threshold. The authors perform experiments
with critical-load victim caches and prefetching mechanisms, as well as measurements of the critical
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data working set. Their results suggest criticality-based techniques should not be used if they violate
data locality. The authors suggest there may be other ways for criticality to co-exist with locality.
For example the critical-path could be used to schedule memory accesses.

Slack Measurement.

The concept of latency tolerance explored by Srinivasan, et al. is directly

related to slack. If the machine can “tolerate” more cycles of latency than a cache miss exhibits, that
cache miss has an amount of slack equal to the difference. A couple of works preceded our work on
slack.
Casmira and Grunwald [20] discussed the use of slack for power saving in a machine
with multiple-speed clusters. The notion of slack used here, however, is limited to the number
of cycles an instruction’s execution can be delayed without delaying any instructions immediately
consuming its data. Our experiments have shown exploiting only this local notion of slack leaves a
lot of opportunity untapped (see Chapter 4).
Following our initial critical-path modeling work, Semeraro, et al. [95] used a dependencegraph model similar to ours for doing an offline slack analysis to determine when different parts of
the machine can be executed at a slower rate, for power efficiency. Their notion of slack is global in
nature and very similar to ours. Their exploration was restricted to how slack could be used for this
particular application, however.

Cost Measurement.

The first attempt to estimate the costliness of different classes of events in

a microprocessor were event counters [5, 119]. These counter metrics have become standard and,
before superscalar, out-of-order processors, was all that was needed. As discussed earlier, however,
parallelism complicates analysis substantially.
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In response to the problems with counters, ProfileMe [28] supports pair-wise sampling,
where the latencies and events of two simultaneously in-flight instructions are recorded. With pairwise samples, one can determine the degree that two instructions’ latencies overlap in time. As far
as existing processors are concerned, the Pentium 4 [26, 102] has a limited ability to account for
overlapping cache misses. The most significant limitation of these profiling infrastructures is a lack
of a methodology to interpret the results in a meaningful way. For example, it is not clear how to
use the collected data to compute a complete breakdown of execution time. We propose our own
profiling infrastructure that was designed with the specific goal of measuring criticality metrics in
mind (Chapter 6).
Many researchers have realized the limitation with counters in computing performance
breakdowns, but have still found a need for understanding where execution time is going in their
proposed systems. Their solution is to attribute execution cycles to various culprits based on heuristics. For example, commit attribution [68, 79, 80, 107, 74, 48] assigns the blame for an unused
commit cycle to the (uncompleted) instruction at the head of the reorder buffer during that cycle.
Similarly, fetch attribution [31, 70] assigns blame for a wasted fetch cycle to the next instruction to
be fetched. One work, by Sasanka, et al. [87], combined the attribution with some data-dependence
information to increase accuracy. We have found empirically that these analyses do, indeed, accurately estimate the cost of certain classes of events (e.g., data-cache misses), which was their
intended purpose. Their generality is limited, however, in that the costs of many classes of events
cannot be accurately computed (e.g., fetch bandwidth) nor are they able to compute interaction costs
at all.
Following our criticality and slack works, Tune et al. [111] used our dependence graph to
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compute the cost of individual instructions in a simulator. We employ an algorithm very similar to
theirs. The work did not consider interactions, however.
Miller, et al. [66] and Hollingsworth, et al. [51] use a metric called critical-path zeroing in
the context of parallel software that is similar to our cost metric. They create a program dependence
graph, taking into consideration inter-thread communication, to identify the critical path through the
program. To identify the execution time that should be attributed to specific procedures, they zero
out the edges that represent that procedure and compute the difference between the new critical path
and the old. Our cost metric differs in that edges are not zeroed but instead idealized. The notion of
idealization is specific to the individual microarchitecture event(s) that are being measured.
At a higher level of abstraction, the MACS model of Boyd and Davidson [14] assigns
blame for performance problems to one of four factors: the machine, application, compiler-generated
code, or compiler scheduling. They accomplish this by idealizing one factor at a time (to determine
its cost). In comparison to this work, we do not examine high-level compiler decisions and focus
on performance analysis at a more fine-grain scale. The MACS work also does not propose a way
to measure interactions.

Interactions.

We have found in our work that measuring the cost of an event or set of events is not

very useful in a highly parallel machine, unless you also consider interactions between events. The
reason is that there is often more than one event that is responsible for a certain amount of execution
time.
Standard allocation of variation techniques do provide a way to quantify these interactions [54]. The techniques are inadequate for our purposes, however, for two reasons. First, for
mathematical reasons, the effects are squared, but this squaring reduces interpretability, especially
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when constructing a complete breakdown of performance. Secondly, no distinction is made between
positive and negative (parallel and serial) interactions. As we show in our work, this distinction is
very important for performance understanding.
Following our cost and interaction work, Karkhanis and Smith proposed an analytical
model for out-of-order superscalar processors [57]. The primary advantages of their model are its
simplicity and ability to provide quick insights by evaluating analytical equations as opposed to resimulating (or performing a graph analysis.) Its disadvantages include a specificity to out-of-order
superscalar processors and incomplete accounting for interactions (they only consider parallel, not
serial, interactions).
Note that Karkhanis and Smith confirm empirically that in the microarchitecture they
study the interactions (called “overlaps” in their paper) of branch mispredicts and icache misses with
dcache misses are relatively insignificant (in other words, that the resources are nearly independent.)
This discovery of near independence permits them to ignore interactions with a low, bounded error.
For other resource classes or microarchitectures, interactions may be much more significant, as
illustrated by the case studies in this thesis.

Applications of Criticality.
case study in Chapter 7.

Work related to our case studies will be discussed alongside each

24

Chapter 3

Microexecution Dependence Graphs
In the informal jargon of computer architecture literature, the preposition “on the critical
path” is used to describe an event that causes other events to stall, waiting for its completion. For
instance, a cache miss that is fetching a result needed by many instructions that come later would
be considered a “critical” cache miss. This informal notion, however, is only a local characteristic
of performance. The fact that an ALU operation had to wait for a cache miss to complete does
not necessarily imply the cache miss is critical, since it may not have been important that the ALU
operation be processed quickly.
The problem we tackle in this chapter is to understand what constitutes the critical path in
a modern processor exhibiting substantial parallelism. To this end, we will present a methodology
for constructing a graph model that represents the performance of a program executing on a specific
processor. From this graph model it will be easy to determine the program execution’s critical path.
The first step is to derive the requirements for such a model. Specifically, we seek to
understand what are the necessary components that the model must maintain in order to accurately
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represent the critical path of a program execution.

3.1 Requirements
To begin our requirements specification, we will consider the essential characteristics of
the critical path. The most basic is performance sensitivity. Performance sensitivity implies two
properties:

• For critical events. If the latency of an event on the critical path is increased, then the
execution time of the program should also increase. If the execution time stays the same, then
clearly the event is not critical.
• For noncritical events. In contrast, if an event is not on the critical path, decreasing it’s
latency should not have any effect on execution time at all.

The implications of this requirement guide the rest of our work on criticality. As far as the
critical path in particular, we can logically deduce the important properties that it must maintain. If
we are to meet the requirement above that increasing the latency of a critical-path event e increases
the latency of the entire program, it is logically true that e’s increased latency delays the completion
of the last instruction in the program.
In other words, starting from any critical event, there must be a sequence of dependent
events leading all the way to the end of the program. One event e2 is dependent upon another
e1 if e1 needs to have occurred before e2 can occur. Furthermore, since delaying the start of a
program obviously delays the completion of the program (the program’s first event is critical), we
can conclude that the critical path must be a sequence of dependent events that spans from the
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beginning of the program all the way to the end.

3.1.1 Implications for a Processor’s Critical Path
Supporting a rigorous notion of the critical path requires rethinking the way performance
is measured by current profiling and compilation infrastructures. In particular, the above requirements suggest the model should not be centered on event counts but rather on dependences, which
is similar in nature to the way compilers compute the critical path through data-dependence graphs.
The significant difference is that data dependences alone are not enough to capture the
critical path of a program executing on a microprocessor. This claim should be intuitive to architects: it’s not just data dependences that affect microarchitectural performance. Other factors such
as instruction window stalls, branch mispredicts, and functional-unit contention are also important.
In fact, these resource constraints often have a bigger influence on overall performance than data
dependences. Certainly if these factors affect performance they will be part of the program execution’s critical path. Thus, to generalize, the model must take into account a processor’s resource
constraints (such as stalls and mispredicts) as well as data dependences.
The familiar model that incorporates all of these constraints is a cycle-accurate simulator.
The limitation of a simulator, however, is that it only provides the critical-path length (execution
time) and not its composition. There has been some work that attempts to enhance simulators with
“roll-back” capability, which can provide some limited information about critical-path composition [104]. The roll-back approach is very cumbersome to implement however, and the resulting
solution is inefficient to the point of being impractical for many applications.
Our solution is to start with data-dependence graphs, for which it is possible to determine
critical-path composition, and add resource constraints to them. We want all of the constraints to
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be incorporated in a uniform way, so that the graphs can be analyzed using standard approaches,
as opposed to requiring caveats and special conditions for each of the various types of resources.
It is not clear how to produce a uniform model, however, given that processors have such a great
diversity of types of resource constraints that affect performance. How can such varied events such
as branch mispredictions, finite fetch bandwidth, and re-order buffer stalls be included in the same
model?

Definition of Microexecution.

Before discussing how to design a model, we need to setup the

problem a bit more precisely. The model will be a set of rules to construct dependence graphs
representing the performance of dynamic execution traces, where a trace is a sequence of dynamic
instructions. This is in contrast to a graph of static instructions, typical of those used by compiler
writers. Our model will be, in this way, more similar to a simulator, which operates on the dynamic sequence of instructions. The significant distinction from a simulator, however, is that we
will assume information is available concerning the microexecution of the program running on the
processor. We define microexecution to be the microarchitectural characteristics of a program’s execution (e.g., branch mispredicts, stalls, and cache misses) as well as its normal functional behavior.
These microarchitectural characteristics will be used to form some of the rules of the model.

3.2 Constructing a Graph from a Program Execution
There is an important distinction between a model of a microexecution and a model of a
processor implementation. The latter can accurately measure performance (at least the critical-path
length) even if some aspect of the execution is altered, e.g., changing the latency of a cache miss.
(These types of alterations will be central to our more advanced criticality analyses.) Microexe-
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cution models, however, only represent the performance of a particular execution. We will begin
the discussion with a model for constructing graphs of microexecutions (Section 3.2.1) and then
continue to the more difficult task of constructing graphs capable of representing the performance
effects of alterations (Section 3.2.2).

3.2.1 Graph of a Microexecution
The traditional way to trace the microexecution of a complex pipeline is to use what is
known as a “waterfall” timeline, such as the one shown in Figure 3.1(a) for a three-stage out-of-order
pipeline. Here, each dynamic instruction occupies a row of a table while each column represents a
machine cycle. The benefit of using a diagram such as this is that it visually illustrates the machine
cycle that each micro-operation occurs. This makes it easier to see the performance effect of a stall
due to a particular resource constraint, since certain micro-operations are delayed. Such diagrams
have limited practical use, due to their layout, but they are often used for instructive purposes.
As a step towards creating a model of the microexecution, we make the dependence between resource constraints and micro-operation constraints in the waterfall diagram explicit, by
adding edges as in Figure 3.1(b). Now we have a graph where any particular micro-operation cannot fire until after all the constraints represented by its incoming edges are resolved.
As it is, however, the graph still uses the timeline to account for the latencies of the various
operations. By labeling each edge with the appropriate latency (Figure 3.1(c)), all of the information
is included in the graph without the need of a timeline (Figure 3.1(d)). With the graph representation
of the microexecution, finding the critical path is trivial: it is the longest path of dependences
through the graph (the bold dependences in Figure 3.1(d)). As we will show throughout the thesis,
the graph also enables many automatic analyses employing standard graph algorithms.

29

(a) Pipeline waterfall diagram.

(b) Waterfall diagram with edges.

(c) Edges labeled with latencies.

(d) Directed acyclic graph (DAG).

Figure 3.1: Waterfall diagrams. Traditionally, “waterfall” timeline diagrams, such as pictured in
(a), have been used to describe and analyze the performance of a microprocessor pipeline. We illustrate here a very simple 2-way superscalar out-of-order processor consisting of three pipeline stages
(Fetch, Execute, and Commit) and an instruction window with four entries. If we add edges to the
diagram to indicate the dependences that result in stalls (as in b) and then label those edges with the
latencies of the operations causing the stalls (as in c), we can convert the waterfall representation
to one of a directed acycle graph (as in d). Notice how the graph representation retains all of the
information in the waterfall diagram but in a more manageable way for computer-based analysis.
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Notice the power and generality of this transformation: any microexecution that can be
represented by a waterfall diagram can be represented as a dependence graph (and its critical path
can be identified.) Thus the long-standing problem of identifying the critical path of a program
executing on a complex processor is now possible for effectively any microarchitectural design.

3.2.2 Complete Dependence Graph
We will now discuss the more difficult problem of constructing a model that not only
captures the performance characteristics of the microexecution, but can also measure the effect
of alterations to the program’s execution. As a simple example of why this would be necessary,
consider the problem of measuring the performance cost of a cache miss. We define the cost of the
miss as the number of cycles of execution time that can be attributed to it. In other words, we need
to know the performance of the execution altered such that the miss is turned into a hit.
Another way of thinking about the problem is that it is not enough to simply know that
the miss is on the critical path. Instead, we need information about the second-most critical path —
specifically, how close it is to the critical path. For even more sophisticated analyses (discussed in
later chapters), we might need to examine the third- or fourth-most critical paths.
Our solution is to construct a graph that contains all of these “secondary” paths. To
do this, we need to model those dependence constraints that exist in the machine which are not
the foremost limiters of performance. These dependencies do not affect the execution time for
the current microexecution — since other dependencies delay the affected micro-operations longer
anyway — but they may constitute portions of secondary critical paths.
As an example of such a dependence, consider the code snippet of Figure 3.2(a). The
2-way machine’s fetch bandwidth constraint inhibits the cmp R6, 0 instruction from being fetched
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(a) Dependence graph with critical path.

(b) Complete dependence graph.

(c) Complete dependence graph with critical path.

(d) Dependence graph of altered microexecution.

Figure 3.2: Dependence-graph diagrams of the microexecution. Once a dependence graph is
constructed, it is easy for a computer to identify the critical path through the microexecution using a topological sort (as in (a)). For more sophisticated analysis that makes use of “secondary”
critical path information, a more complete dependence graph is required (see (b)). In this graph,
edges are included for dependences that exist in the program execution even if they do not affect
the performance of this particular microexecution. One example of the sophisticated analysis includes determining the cost of a branch misprediction. This quantity can be found by comparing
the critical-path length of the graph with the misprediction to the critical-path length of the graph
without it. The critical path of the altered execution is shown in (d).
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until after R3 = R3 + 1. The edge does not exist in the microexecution graph, however, because
the fetch bandwidth is not saturated at that point in the execution (instead the fetch of cmp R6, 0 is
delayed by an instruction window limitation). In order to model secondary critical paths, all such
dependences must be modeled.
Figure 3.2(b) illustrates a complete graph, including all important dependence constraints,
for our example machine. Of course, the critical path is still easy to identify via a topological sort
(Figure 3.2(c)). We can also now answer questions about performance costs. For example, the cost
of the highlighted branch misprediction is equal to the difference in critical path lengths for the
graphs in Figures 3.2(c) and 3.2(d).
While constructing graphs of microexecutions is a straightforward, even automatable task,
constructing full dependence graphs requires very detailed expertise of the resource constraints a
machine imposes on an instruction stream. In the next section, we present a procedure that should
make the task easier, by using information architects designing a new machine would have available
anyway.

3.3 Procedure For Graph Model Development
For the simplified example processor above, we derived a dependence graph from a waterfall diagram and then added edges for other machine dependences that did not happen to cause stalls
in that particular microexecution. While this procedure is good for explanation and useful for constructing a graph from a particular program execution trace, automating graph construction as well
as understanding a processor’s performance is made easier by developing a general graph model of
the machine, from which a graph can be derived for any program’s execution. In this section, we
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(a) Typical superscalar pipeline.

(b) Node per-pipeline stage graph model.
Figure 3.3: Converting pipeline to graph model and reducing. A graph model can be derived
directly from a pipeline model of the processor by (1) creating entry and exit nodes for each stage
and (2) creating edges for every possible stall condition for each stage. Once a complete graph is
constructed, reductions are typically possible to reduce complexity without sacrificing precision.
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will discuss a procedure for developing such a model given a specification of the processor pipeline.
We will use the relatively sophisticated processor Figure 3.3(a) of to illustrate the procedure. This
processor is still simplified compared to real processors (especially in the memory system) but is
complex enough for illustrating the procedure.
We start below with an overview of the three-step process for constructing a graph model.

• Create nodes. Create two nodes for every pipeline stage: one to signify the dynamic instruction entering the stage (e.g., Fe ) and one to signify exiting that stage (e.g., Fx ).
• Create edges. For each pipeline stage, identify all of the reasons that a dynamic instruction may be “stalled”. In other words, identify the machine and program dependences that
inhibit the dynamic instruction from either entering or exiting each pipeline stage. These
dependences will be represented by edges between nodes in the graph.
• Simplify. As will be clear from the example, some nodes and edges created above will be
redundant and can be removed.
• Add latencies. Label each edge with latencies. For each edge, the latency is the minimum
number of cycles after the source node fires that the target node can fire.

As will become clear through an example, this procedure does not require an architect to
think very hard to construct a graph model. In fact, all of the information that is required about the
machine is only a subset of what is necessary to write a typical processor simulator.

Create nodes.

For the example processor of Figure 3.3(a), we have eight pipeline stages and

sixteen nodes (F ee , F ex , IBe , IBx , etc), as shown in Figure 3.3(b).
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Pipe Stage

Fe
IB

Re
IQ
Rg
Ex
Da
Co

Stall Causes
Fetch Buffer Full (IBx → F ee ), Limited Fetch Bandwidth
(F ex → F ee )
Instruction Queue Full (IQx → IBx ), Reorder Buffer Full
(Cox → IBx ), Limited Fetch Buffer Output Bandwidth (IBx →
IBx )
None
Data Dependencies (IQx → IQx ), Functional Unit Contention
(IQx → IQx ), Memory Request Queue Full (IQx → IQx )
None
None
None
Limited Commit Bandwidth (Cox → Cox )

Table 3.1: Machine Dependences and Corresponding Graph Edges for Each Pipeline Stage.
Create edges.

The stall culprits for each stage of the pipeline are shown in Table 3.1; these are

directly translated into edges. For example, a dynamic instruction can be stalled in the IB stage
due to the issue queue being full (resulting in a IQe →IBe edge), the reorder buffer being full
(Coe →IBe ), or fetch buffer output bandwidth being saturated (IBe →IBe ).

Simplify.

As you can see from Figure 3.3(b), some nodes have only one incoming and one outgo-

ing edge and, thus, are not useful to have in the graph (unless including them makes the graph more
readable for humans.) They can be removed to yield more simpler graph.

Add latencies.

The latencies are design parameters determined from a machine’s implementation.

IQx →IQx edges will be labeled with execution latency of operations. F ex →F ee edges will have a
label of one cycle since instruction fetch is delayed by one cycle when fetch bandwidth is saturated.
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(a) Code snippet illustrating modeling problem.

(b) An alternative modeling.

Figure 3.4: Certain types of resources cause problems with graph analysis. While it is possible
to construct a graph model for any microexecution that can be expressed as a waterfall diagram,
certain resources do present problems for some forms of graph analysis. In (a), we attempt to find
the performance effect of a cache miss by observing the change in the critical path when we convert
it’s graph representation from a miss to a hit (by reducing the latency on the edge). Our analysis
yields inaccurate results, however, since we did not account for the reduced adder contention after
the miss is removed (the contention edge is still present in the graph.) In (b), we use a different
modeling of adder contention, where it is included as a latency that delays execution as opposed
to a dependence edge. Empirically, we have found this representation typically reduces the error
introduced by side effects.

3.3.1 Sources of modeling error
Side effects
There are certain types of resources which cause modeling difficulties when using the
above procedure. They occur when a modification to a processor execution produces unanticipated
“side-effects” as far as the graph modeling is concerned. To understand this effect better, consider
the task of finding the performance cost of a cache miss using the graph, as discussed above. Our
approach would be to measure two critical-path lengths: (1) with the cache miss included in the
graph and (2) with the cache miss’s latency reduced to that of a cache hit. The difference between
these two lengths would by the cache miss’s cost.
Notice that the only modification we made to the graph to obtain the critical-path length
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of (2) above was to reduce the latency of one edge in the graph, corresponding to the cache miss.
Problem sometimes arise with this approach when reducing a load’s latency in the real execution
has effects beyond simply this latency change. For example, reducing the latency might increase
the rate at which instructions reach functional units, thus increasing the effect of functional-unit
contention on execution time. If the graph is constructed such that this increased contention is not
accounted for, some inaccuracy in the cost computation will result. An example of this effect is
illustrated graphically with a code snippet in Figure 3.4(a).
It is important to point out at this point that most “side effects” will, in fact, be accounted
for naturally in the graph model. For example, reducing the latency of the cache miss might also
decrease the number of ROB stalls that occur. This effect is accurately modeled by the CD edges
in the graph: fewer of them will be critical in the altered graph. Side-effects can cause inaccuracies
in the analyses for one of the following two reasons:

• Incomplete Modeling. When designing the model, it is often convenient to leave out some
details, both for efficiency and ease of reasoning about the execution. If a resource, such as
functional-unit contention, is not explicitly modeled in the graph, its performance effect in
the altered execution would obviously not be captured.
• Dynamic Control Policies. It is common for processors to have one or more control policies in the hardware that make choices about how to allocate resources to instructions. For
example, an instruction scheduler might choose the oldest data-ready instructions to execute
each cycle (such that the newer data-ready instructions have to wait.) In this case, altering
the execution might change the order in which instructions become data-ready, which, due to
the scheduling policy, might change how long they have to wait for functional units. Many
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other examples exist, such as cache-replacement policies, memory bus schedulers, and cluster
assignment policies. It is very difficult to incorporate such policies into graph analyses.

For side-effects caused by dynamic control policies, we have employed two approaches in
our work. The first is to implement the policy as part of the graph analysis. If the policy would make
different decisions due to the altered execution, we reflect those decisions by altering the appropriate
edges and latencies in the graph. The upside of this approach is that there are no inaccuracies in
the measurements. Unfortunately, this increase in accuracy comes at the expense of a less efficient
analysis.
An alternative is to make some graph alterations to mitigate the effect of side-effects
without degrading efficiency. For example, Figure 3.4(b) shows contention measured, not as a
dependence edge between instructions, but as an intra-instruction constraint that delays the firing of
the execute node. With this modeling, there would not, for example, be an extraneous dependency
between instructions two and four in the altered execution of Figure 3.4(a), but instead instruction
four’s execution will simply be delayed by one cycle longer than it should be. In our experience,
extraneous dependencies are typically much more damaging to precision than a few extra cycles of
latency. In the next section, we discuss some approached to validating graph models, which can
help quantify the errors due to side effects experienced with various modeling alternatives.

Bad-path instructions
Another potential source of inaccuracy in our modeling is the lack of accounting for instructions that were executed speculatively and then later squashed. The most common example
of this is when a branch is mispredicted, causing instructions on the wrong path to be fetched and
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executed.
Note that the model does account for the cost of branch mispredictions (with EF edges),
it’s only the resource contention caused by bad-path instructions that is ignored. For example, if a
bad-path instruction used an available functional unit, making a good-path instruction (from before
the branch) wait longer than it would otherwise, performance is affected, but our model does not
capture that effect. Fortunately, we have found empirically that the resource contention imposed by
bad-path instructions is not significant and, thus, is safe to ignore.
The effect might be significant, however, in other types of machine organizations, such
as a processor supporting SMT. If this is the case, bad-path instructions would need to be included
either directly with nodes and edges or indirectly with some estimation of the contention they would
impose on important resources. We have not studied this type of modeling in detail.

3.4 Validation
There are several reasons why a graph model should be validated before use. First, there
may be important machine dependencies that were neglected during its development. Second, it
is sometimes practical to abstract away many of the details of the processor, in order to obtain a
simpler, more intuitive graph model. Finally, it is important to quantify the inaccuracies imposed by
side effects and bad-path instructions (see Section 3.3.1) on our analyses. By validating the model,
we can reach a level of assurance that the measurements taken from it are reasonably accurate.
In our work, we have used two forms of validation. The first is a small-signal analysis that
introduces small changes to the microexecution (such as adding a cycle of latency to an event) and
observes whether the performance effect of the changes as observed by the simulator match those
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taken from graph analysis. The second is a large-signal analysis that tests the model’s capability
to determine the effect of large changes to the microexecution (such as removing all cache misses).
Both forms of validation are useful since, while the second is a more intense test of the model, the
first is more representative of the types of graph analyses most useful for optimization engines.

3.4.1 Small-signal Validation
Our simplest validation uses the simulator to perform the following two measurements.

• Decrease the execution latency of every dynamic instruction (by one cycle) that is found by
the graph not be on the critical path. Since only non-critical instructions are sped up, there
should be no effect on execution time.
• Increase the execution latency of every dynamic instruction (by one cycle) that is found to be
on the critical path. This should result in a large increase in execution time.

Note that these measurements are merely illustrative of how a small-signal validation experiment could be designed. Since the graph model includes a lot of edges, not just those that
represent execution latencies, adjusting latencies that correspond to other edges could also be beneficial.
Also, as a practical concern, since some instructions have an execution latency of one cycle, and our simulator does not support execution latencies of zero cycles, we established a baseline
by running a simulation where all the latencies were increased by one cycle. The critical path from
this baseline simulation was written to disk. We then ran two simulations that each read the baseline
critical path and decreased all critical (non-critical) latencies by one cycle, respectively.

Execution Time Reduction (in cycles) per Cycle of
Latency Reduced
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Figure 3.5: Validation of the critical-path model Comparison of the performance improvement
from reducing critical latencies vs. non-critical latencies. The performance improvement from reducing critical latencies is much higher than from non-critical latencies, demonstrating the ability
of our model to differentiate critical and non-critical instructions. The simulator methodology used
for the experiments is described in Section 7.1.
The results of the experiment over the SPECint benchmarks for a simple three-node model
is shown in Figure 3.5, where each speedup is shown as cycles of execution time reduction per cycle
of latency decreased. The most important point in this figure is that the performance improvement
from decreasing critical path latencies is much larger than from decreasing non-critical latencies.
This indicates that our model, indeed, identifies instructions critical to performance.
Note that even though we are directly reducing critical path latencies, not every cycle of
latency reduction turns into a reduction of a cycle of execution time. This is because reducing critical
latencies can cause a near-critical path to emerge as the new critical path. Thus, the magnitude of
performance improvement is an indication of the degree of dominance of the critical path. From the
figure, we see that the dominance of the critical path varies across the different benchmarks. To get
the most leverage from optimizations, it may be desirable to optimize this new critical path as well.

42
Finally, there is a very small performance improvement from decreasing non-critical latencies. This is the result of imprecise modeling, resulting from one of the three sources mentioned
at the beginning of this section.
In our experience, developing an accurate graph model of a complex processor does require repeated validation and debugging. A practical technique to quickly identify problems with
a model has been to compare the following two graphs, edge by edge: (1) the graph that has been
altered to idealize a resource (or, for example, decrease the latency of non-critical instructions) and
(2) a graph produced by the simulator that has been modified to idealize a resource. If the graph
model is a perfect representation of the simulator, these two graphs should be identical. If there are
discrepancies, it could be due to side effects (see Section 3.3.1) or important machine dependencies
left out of the model. Tracing microarchitectural behavior up to one of these discrepancies will
typically unveil one or more sources of inaccuracy in the model.

3.4.2 Large-signal Validation
The validation described above involved only one cycle adjustments to latencies. The
overall change to the execution was still rather substantial, since many one cycle adjustments were
made; and the characteristic of reducing many latencies by a small amount is a good match for the
performance effect of many dynamic online optimizations. Nonetheless, it is a relatively modest
change to the execution compared to some of our more advanced analyses. For a more rigorous test,
we perform large perturbations to the model and see if those changes match what we would expect
based on simulator output.
For example, one such validation is to increase every instruction’s latency (in the simulator) by the amount of slack that the model determined that it had. If the slack computations were
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correct, the execution time of the program should not increase at all.
Another of the large-signal validation experiments involve idealizing an entire set of processor resources both in the simulator and on the graph. For example, one measurement may be
turning all cache misses into hits on the graph, measuring the critical-path length change this induces; and then making the same modification in the simulator, observing the execution time reduction. If the graph and simulator measurements are close in value for a large range of idealizations
of this sort, we can have some assurance that the model is producing accurate cost results.
We will present experiments for each of these types of validation as the concepts of slack,
cost, and interaction cost is presented later in the thesis.

3.5 Summary
In this section, we reasoned what the fundamental characteristics of the critical path
should be in a microprocessor. This exercise yielded one characteristic in particular, namely performance sensitivity. From this foundation, many implications were drawn, culminating in a dependence graph of the program’s microarchitectural execution. We discussed a procedure used to
construct such a graph starting from a traditional pipetrace of a program’s execution (which is often
represented by a waterfall diagram). With this procedure, the critical path can be found for any
program execution for which a pipetrace exists.
For analyses that are more sophisticated than simply finding the critical path, the dependence graph that is found using a pipetrace must be augmented with other dependence constraints
that exist in the processor — even if they are not manifested in a particular execution. When building
such a graph, a tradeoff exists between accuracy and complexity (in terms of the number of nodes
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and edges). Besides complexity, accuracy can also be compromised by aspects of some microarchitectures that cannot easily (if at all) be captured in the types of graph models used in our work. To
gauge the effectiveness of a particular graph model, we have devised validation procedures which
provide simple empirical measurements of accuracy.
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Chapter 4

Interpreting a Program’s Critical Path
In the last section, we presented a model of program performance that enabled the determination of which events are critical and which are not. While this information is useful for some
purposes on its own, more refined metrics are necessary for most practical applications. For example, compiler use of criticality is complicated since an instruction as a whole cannot be simply stated
as critical or non-critical, since criticality is associated with much more basic micro-operations. A
second consideration is that some events are “more critical” than others, while some non-critical
ones are very close to being critical. Even more challenging, the performance effect of multiple
events often interact. For example, when two cache misses are issued to the memory system simultaneously, both could be equally critical. (More often, one of the misses is critical and the
other is “slightly” non-critical but, as far as optimizations are concerned, both misses should be
targeted.) In this section, we will extend our work on criticality to provide a more complete picture
of performance to an analyst.
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Figure 4.1: Criticality modes. The processor can be viewed as operating in a particular criticality
mode in each cycle of execution, corresponding to which resources the critical path is traversing
through in that cycle.

4.1 Criticality Modes
One useful way for an analyst to understand the criticality characteristics of a program
execution is to think of various modes of operation, each corresponding to the various resources
that could be limiting the processor at any given time. In this way of thinking, in each cycle of
execution, the processor is in a particular mode and optimizations can be targeted for that mode.
For example, when an execution is in “fetch mode”, the instruction fetch resources are limiting
performance. In this case, optimizations targeting the front end of the machine are most likely to be
beneficial. Similarly, the execution could be in “execute mode”, where resources such as ALUs and
the instruction window are most important to performance.
An illustration of the criticality modes using the simple three-node graph model is shown
in Figure 4.1. The critical path determines which mode the processor is in at any given time. If the
critical path is traversing F nodes, the processor is in F mode, meaning the instruction fetch and
dispatch resources are limiting performance. Similarly, if the critical path is traversing E nodes, the
processor is in E mode and execution resources (e.g., ALUs, issue logic) are limiting performance.
Finally, if the processor is in C mode, the commit logic is most important to performance.
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Another way to think of modes is that a particular dynamic instruction can be critical
for different reasons (i.e., due to one or more of the phases of its processing). For example, it can
be fetch-critical, execute-critical, or commit-critical, as illustrated in the figure. Moreover, when a
program execution is in execute mode, some of the instructions will likely not be critical at all (since
the critical path traverses EE edges, which will likely “skip” over some instructions).
We show in Figure 4.2a the fraction of execution time spent in each of the three modes for
a few familiar benchmarks. In this figure, the number of cycles the program spends in each mode
is shown. Figure 4.2b shows the fraction of dynamic instructions that are in each mode. The latter
figure gives an indication of the number of opportunities for optimizing each mode are available.
We can use this type of information to design optimizations where the most leverage
exists. For instance, in the integer applications, where F mode is significant, performance could be
improved through a more powerful fetch unit—maybe a trace cache would be of benefit. In many
floating point benchmarks, C mode dominates. In these, a larger re-order buffer—to permit the
exploitation of more parallelism—could be of significant benefit. Value prediction has the potential
to break EE edges. Hence, the technique is most applicable for benchmarks that spend a lot of
execution time in E mode.
We show in Figure 4.2b the fraction of instructions in each of the three modes. For this
measurement, the E mode is broken into two components: the instructions that are on the critical
path and those that are not—they are “skipped” over by EE edges.
This breakdown illustrates the power the critical path has to enhance processor optimizations. Instruction issue scheduling, for instance, is only important for instructions in E mode,
dispatch-critical and commit-critical instructions will not benefit from a priority-based issue pol-
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(a) Execution Time Breakdown

(b) Instruction Count Breakdown

Figure 4.2: The critical-path model can be used to compute precise performance breakdowns.
(a) shows the contribution of each mode to execution time for each benchmark, suggesting what optimizations would be best applied. (b) shows the percentage of instructions that are limited by each
mode of operation. Optimizations should focus on those instructions that will impact performance.
The simulator configuration for these experiments is described in Section 7.1.
icy. Furthermore, those instructions that are critical in E mode should be given the highest priority.
For value prediction, it only makes sense to make predictions to break critical EE edges.
Thus, value prediction should only be applied to execute-critical instructions. Making predictions to
other instructions would only needlessly risk a misspeculation. After a value prediction is made that
breaks the critical path, however, a near-critical instruction may emerge on the new critical path.
This new instruction could then benefit from value prediction.
The notion of near-criticality is important for a large number of analysis applications. For
example, in performing dynamic reconfiguration and energy optimizations it is often important to
know the minimum number of resources needed for processing without increasing the length of the
critical path. In the next section, we discuss metrics for quantifying how critical or non-critical an
event is, to provide a general analysis methodology for a broad range of applications.
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4.2 Criticality of a Single Event
Inherent in the notion of near-criticality is that the degree of criticality of one event typically depends on the latency and criticality of other events. These interdependencies complicate
performance understanding considerably, since, in principle, every event in the program execution
could influence the criticality of every other event. To start the discussion, we’ll ignore the exponential number of interdependencies and focus on the much simpler problem of quantifying the
criticality of a single event. We’ll explore the more general notion of criticality in Section 4.3.
As we know by now, the latency of an event is not sufficient to indicate to what degree an
event is critical. Latency is directly related to criticality, however. Consider the dependence graph
of Figure 4.3a. The circled edge weight represents the latency of a data-cache miss, at 9 cycles. As
can be seen, this cache miss’s latency is not on the critical path. In other words, the load has some
amount of slack, such that the latency could be increased without increasing the execution time of
the entire program.
Now, consider increasing the latency of the cache miss from 9 to 11 cycles, as shown in
Figure 4.3b. This change of latency puts the cache miss on the critical path; in other words, the
longest path in the graph now includes the cache miss. This means the cache miss has a cost to
performance, in that decreasing its latency would decrease the execution time of the entire program.
The relationship between criticality and latency can be illustrated graphically by a chart,
Figure 4.3c. In the example of the cache miss, a latency of ten cycles is the minimum that places
it on the critical path. At this latency, this path is tied in length to another path flowing through
the branch misprediction, completely hiding the latency of the cache miss — or, in other words,
the miss has a cost of zero. Each cycle of additional latency increases the cache miss’s cost by one
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(a)

(b)

(c)
Figure 4.3: Relationship between slack and cost. In (a) the circled cache miss latency is off the
critical path. By increasing the latency by a couple of cycles (see (b)), the critical path changes,
placing the latency on the critical path. In (a), the cache miss has one cycle of slack. In (b), it has a
cost of one cycle. The relationship between the latency, slack, and cost of the cache miss is shown
in (c).
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(a) Slack without resource modeling.

(b) Slack with resource modeling.

Figure 4.4: Slack with and without resource modeling. Modeling processor resources exposes
more of the slack inherent in the execution than can be observed by a data dependences alone.

cycle; each cycle reduced (below 10 cycles) increases the cache miss’s slack.

Definition of slack.

The notion of slack is particularly useful to designers and compiler optimiz-

ers. The reason is simple: resources allocated to events that are far from critical can be re-allocated
to critical events. Alternatively, slowing down the processing of those events can often lead to
energy savings.
At this point we would like to note again the importance of modeling resources when
determining the amount of slack that an event has. For an example, consider the data-dependence
only graph of Figure 4.4a. Here, the indicated execution event has no slack, since it is on the critical
path of the execution. If resources are also modeled, however, that same event has several cycles of
slack (see Figure 4.4b). In general, modeling resources will increase the slack observed on execution
events since the critical path often traverses resource edges.
In the computer architecture community, there is not a consistently used formal definition
of slack. For our work, we charactered two different notions, each of which can be useful in different
contexts. They are local and global:
The local slack of a dynamic event e is the maximum number of cycles the processing
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Figure 4.5: Global vs. Local Slack.
of e can be delayed without delaying any subsequent events. In other words, delaying an event by
its local slack does not change which edges are last-arriving. For an example, consider the graph
of Figure 4.5. In the figure, each node is annotated with it’s “fire” time, i.e., the cycle at which all
dependences into that node have been resolved. The fire times make clear that the labeled execution
edge has a local slack of only one cycle: increasing it’s latency by more than one cycle would delay
the fire time of the target node of the dependence.
From our measurements, approximately 20% of instructions have local slack greater than
five cycles (see Section 7.2.1). Local slack is conservative because it prevents delaying any event
in the program. To avoid impairing the overall execution, however, it suffices to ensure that the
program completes in the original number of cycles. This more aggressive notion is captured by
global slack.
Global slack of a dynamic event e is the maximum number of cycles the execution of e
can be delayed without delaying the last instruction in the program. In other words, delaying an
event by its global slack does not change what edges are on the critical path. From Figure 4.5, we
can see that global slack offers much more optimization potential than local slack. In fact, from
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our measurements, approximately 75% of instructions have global slack greater than five cycles (as
opposed to 20% for local slack). Global slack serves as an upper bound on the amount of tolerable
delay, since it is the maximum amount a particular instruction can be delayed without increasing
execution time.
The difficulty with global slack is that, in contrast to local slack, a single cycle of slack
may be shared among many events. In other words, there are interactions between the global slack
of various events. We can delay every event in the program by its local slack without increasing execution time. The same is not true for global slack. We will address this issue in detail in
Section 4.3.

Definition of cost.

From a high level, the cost of an event e could be defined as the number of

execution cycles that should be blamed on e. The issue of how to assign blame for execution cycles
presents some subtle issues, however, which affect the definition of cost.
For example, consider the criticality of the edge representing the branch misprediction
in Figure 4.6a. How should the cost of the misprediction be defined? One possibility is to define
it as the execution time reduction that occurs when the edge’s latency is reduced to zero. Notice,
though, that even if the edge’s latency is decreased to zero, the critical path still flows through the
branch misprediction. This means that if the latency could somehow be made negative, execution
time would decrease even more.
The relationship between the branch mispredict edge’s latency and criticality is shown
graphically in Figure 4.6b. The branch becomes non-critical if its latency reduces to less than −5
cycles. In a theoretical sense, then, we would say the cost of the branch in Figure 4.6a is its latency,
4, minus −5 for a total of 9 cycles, since the maximum possible reduction of execution time from
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(a)

(b)
Figure 4.6: Relationship between slack and cost for a branch mispredict. The latency of a branch
misprediction latency is circled in (a). The relationship between it’s latency and it’s criticality is
plotted in (b). Notice that the branch misprediction remains critical (with criticality above the xaxis) until it’s latency is below negative five cycles.
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event type

Icache, Dcache, TLB misses
ALU operation
Fetch,Issue, or Commit Bandwidth
Branch mispredict
Instruction window

how to idealize in a simulator
turn misses into hits
give ALU zero cycle latency
use infinite bandwidth
turn mispredicts into correct predictions
use infinite-sized window

Table 4.1: Idealizing events. Listed are techniques to idealize a few of the events studied in this
paper.

optimizing the branch is 9 cycles.
To generalize, the ultimate cost of any event e is the execution time reduction achieved if
it’s latency is reduced the maximum amount, or, in other words, to negative infinity. Of course, it is
not possible in real life to make a latency negative. It is often possible, however, for an optimization
to change the structure of the graph to achieve the same effect. In the case of the branch misprediction edge, an optimization that makes the prediction correct would remove the dependence entirely,
which has exactly the same effect as reducing the latency to negative infinity.
To form a definition that is applicable across all types of events, we define the cost of
an event as the execution time reduction obtained when the event is idealized, where “idealized”
means that the performance impact of the event was reduced to the greatest extent possible for the
analysis application (examples of this will be presented shortly). Formally, let e be an event, t be
base execution time (nothing idealized), and t(e) be execution time with e idealized. Then, the cost
of e, cost(e), is defined as

def

cost(e) = t − t(e)
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The cost of an event can be naturally generalized to an aggregate cost of a set of dynamic
events S. This allows us to compute, for example, the cost of a cache as the total speedup when all
cache misses are idealized.
It is often the case in practice that it is more useful to define an “idealization” to be
something less dramatic than setting an edge’s latency to negative infinity. For example, a load
prefetching optimization might be able to turn a cache miss into a cache hit, which would result in
a reduction of latency on the graph from a cache miss latency (e.g., 12 cycles) to a cache hit latency
(e.g., 2 cycles). For this application, it would make sense to define the cost of a cache miss to be
the performance improvement when the latency is reduced by ten cycles. A number of example
idealizations for practical applications is given in Table 4.1.

4.3 Degree of criticality of multiple events
As mentioned above, there is much more to performance analysis than just the slack
or criticality of a single event. When events must be considered simultaneously to understand
performance, we say those events interact. The simplest example of an interaction is two cache
misses starting simultaneously and being serviced in parallel. The cost of either miss, as defined
above, is zero: removing one miss or the other does nothing to performance. To understand the
performance effect of these misses requires an analysis of interactions.
Interactions can be much more complex than in the case of two parallel cache misses. For
one, the two misses may only partially overlap, giving the two misses each a small positive cost; or,
if a third event occurs in parallel to both misses, one or both could have a positive slack. Secondly,
the interacting events may be non-homogeneous, such as when an icache miss occurs at the same
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time as an ROB stall. Finally, events do not have to occur simultaneously in order to experience
interactions. The simplest example is the one given in Section 4.2 when distinguishing between
local and global slack: if one event e1 is dependent on another e2 , e1 and e2 may both “share” the
same cycles of slack.
We have developed two ways of accounting for interactions in a parallel system:

• Quantifying Interactions. To maintain maximum flexibility in how interactions are to be exploited, we must explicitly quantify them. The quantification consists of measuring the effect
that several events together have on execution time and comparing that to the execution-time
effect that the individual constituent events have. In this way, the interaction effects can be
explicitly measured. The disadvantage of this approach is that there are an exponential number of interactions in a typical program run, necessitating heuristics that reduce the amount of
information that must be observed when making optimization decisions. Nonetheless, wellchosen heuristics that focus on a small subset of events that are important for a particular
analysis application can make explicit quantification practical.
• Apportioning. An alternative method to account for interactions is to isolate the analyst
or optimizer from their effect. We can do this by pre-apportioning the global slack or cost
to individual events, essentially converting them to local metrics which can be considered
in isolation. In other words, optimization decisions would be made without considering interactions explicitly, relying, instead, on an pre-apportioning policy to assign each event a
reasonable share of the slack or cost.
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4.3.1 Quantifying Interactions
To start off, consider the above example of the two cache misses. While the cost of the
individual cache misses are zero, the aggregate cost of both cache misses, obtained by measuring
the execution time reduction from idealizing both c1 and c2 simultaneously, would be large. By
knowing this aggregate cost, denoted cost({c1 , c2 }), the program optimizer would know that while
prefetching only one load would give little benefit, prefetching both would give significant benefit.
We term this phenomenon, where cost({c1 , c2 }) > cost(c1 ) + cost(c2 ), a parallel interaction.
Perhaps less intuitively, it is also possible for the opposite parallelism-induced effect to
occur, where cost({c1 , c2 }) < cost(c1 ) + cost(c2 ). One example is if two dependent cache misses,
each with 100 cycle latency, both occurred in parallel with 100 cycles of ALU operations. In this
situation, prefetching both provides no more benefit than prefetching either one alone, implying that
a program optimizer would save overhead by performing only one prefetch. In general, this type
of interaction can occur between two events A and B if they are in series with each other, but in
parallel with some other event (or events) C. We call this phenomenon a serial interaction, since
the two interacting events occur in series.
In summary, for two events e1 and e2 :

cost({e1 , e2 })= cost(e1 ) + cost(e2 ) ⇔ Independent
cost({e1 , e2 })> cost(e1 ) + cost(e2 ) ⇔ Parallel Interaction
cost({e1 , e2 })< cost(e1 ) + cost(e2 ) ⇔ Serial Interaction
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(a) Parallel interaction.

(b) Serial interaction.

Figure 4.7: Two types of interactions. Dependence graphs can conveniently illustrate the two distinct types of interactions that can exist between events: parallel and serial. In (a), the two cache
misses c1 and c2 have a parallel interaction. Both cache misses would need to be eliminated to improve performance. In (b), c3 and c4 experience a serial interaction. Here, eliminating either cache
miss will reduce execution time by 90 cycles, but eliminating both will not improve performance
any further.

It is often convenient to visualize interactions using dependence graphs, like the ones in
Figure 4.7.
As we show in Chapter 7, interactions are common phenomena (after all, there is potential
for interaction any time two events occur simultaneously). To inform the optimizer (automatic or
human) of the “degree” of interaction, we define interaction cost. Let e1 and e2 be two events and
cost({e1 , e2 }) be the aggregate cost of both events. Then, the interaction cost of e1 and e2 , denoted
icost({e1 , e2 }), is defined as the difference between the aggregate cost of the two events and the
sum of their individual costs:

def

icost({e1 , e2 }) = cost({e1 , e2 }) − cost(e1 ) − cost(e2 )

Thus, for a parallel interaction, icost({e1 , e2 }) is the number of extra cycles an optimization that targets both events, instead of just one, could ever hope to benefit. In contrast, for
a serial interaction, icost({e1 , e2 }) would be negative, reducing the expectation for performance
improvement from targeting both events.
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The interaction cost of two sets of events, S1 and S2 , is defined similarly, by replacing e1
and e2 with S1 and S2 in the above equation. Moreover, the interaction cost of more than two events
(or sets) can be defined recursively. Formally, let P(U ) \ U denote the proper power set of a set of
events U (i.e., all subsets of U except for U itself). Then the interaction cost of U is defined as the
cost of U minus the interaction cost of each proper subset of U :

def

icost({})= 0
def

icost(U )= cost(U ) −

X

icost(V )

V ∈P(U )\U

Notice the power of icost: it characterizes the interaction between events in a single
number, with straightforward interpretation. The sign indicates the type of interaction (positive for
parallel, negative for serial); and the magnitude indicates the degree of interaction. An icost of zero
means the two events are independent and can be optimized separately.
Finally, if U above is the set of all events in an execution it follows that total execution
time always equals the sum of the icosts for the powerset of U . This implies that completely
accounting for execution time requires all interaction costs to be considered.

Icost optimization strategies
There are several ways that interaction costs may be used by an analyst during design
and optimization. The one we have used the most in our is in the construction of performance
breakdowns.
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Performance breakdowns.

A performance breakdown is a mapping of execution cycles to the

events and hardware resources that are responsible (and should be blamed) for those cycles. They
are often presented as stacked-bar charts in research papers, where each category (e.g., cache misses,
branch mispredicts) is sized to reflect it’s overall contribution to execution time.
It is interesting to note that while it is very common for performance breakdowns to be
used in research and design, the breakdowns that are used in practice are generally not a realistic
depiction of performance in a processor that exploits parallelism. The reason is that, in general,
several categories of events and resources could be responsible for a single cycle, but traditional
performance breakdowns map each cycle to only one category. We seek to overcome this limitation
using interaction costs.
Figure 4.8 illustrates a breakdown that explicitly includes interaction costs. Notice that
a complete breakdown of performance requires measuring all possible interactions between the
breakdown categories. In practice, the less significant interactions could be grouped together to
reduce the number of measurements necessary.
The table of interaction costs shown in Figure 4.8a provides a complete breakdown of
execution time. Sometimes it is useful to visualize the results in something other than a table,
however. Towards that end, we present one possible visualization in Figure 4.8b.
The most notable feature of this visualization is how we deal with categories that have
negative values (due to serial interactions). In this case, we allow the stacked-bar chart to grow above
100% and below 0%. The chart grows above 100% because the total number of cycles allocated to
the positive categories will exceed the execution time of the program. These extra cycles are offset
by the negative categories, which we plot below the 0% axis. With this visualization, all interactions
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Figure 4.8: Correctly reporting breakdowns. The traditional method for reporting breakdowns
does not accurately account for all execution cycles, since it attempts to assign blame for each cycle
to a single event when sometimes multiple events are simultaneously responsible. We propose a
new method that uses interaction costs, discussed in Section 4.3.1. In our method, each category
corresponds to an interaction cost of a set of “base” categories.
are made apparent to the user (their sign is given by the location in the chart). For instance, the large
negative contribution of AB in Figure 4.8 tells us optimizing A will help alleviate the costs due to
B, since they tend to occur serially.

Interpreting Breakdowns.

The cost of a single event is easy to understand: it is the maximum

improvement possible by optimizing that event. If an optimizer could only choose a single event to
optimize, it would pick the one with the largest cost (after taking the difficulty of implementing the
optimization into account).
On the other hand, if an optimizer had the ability to improve several events, interaction
costs become important. A parallel interaction between two events (e.g., B and C in the figure) represents a “bonus” reduction in cycles for optimizing both together — this bonus cannot be derived
from the individual event costs.
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A serial interaction (e.g., between A and B in the figure) can be applied in at least two
ways by the optimizer.

• First, it tempers the expectation of performance improvement from optimizing both events:
the total effect will be less than the sum of their individual costs.
• Second, it gives the optimizer a choice in what to optimize: the same set of cycles (equal in
magnitude to the icost) will be eliminated if either A or B is optimized — in the example,
seven cycles can be eliminated by optimizing either A or B, whereas four cycles can only be
eliminated by optimizing B.

We make extensive use of the second application of serial interactions above in the case
study of Section 7.3.1.

Optimization Heuristic.

Although not explored in detail in this thesis, one way icosts are useful

is in choosing a set of events that should receive the most effort during optimization. Unfortunately,
given an execution, optimally choosing a set of events to improve is an NP-complete problem.
Nonetheless, interaction costs enable heuristics that may work well in practice, such as the one
below, which assumes that the optimizer can choose N events to improve:
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One of many possible optimization heuristics using interaction costs
1. Initialize the expected benef it for each event to its individual cost.
For each event e, expected benef it(e) ← cost(e).
2. Pick event ei with largest expected benefit to optimize.
Of all events e, pick ei such that expected benef it(ei ) is largest.
3. For all events ej that have a parallel interaction with ei , increase their expected benefit by the magnitude of the icost.
For all ej , if icost(ei , ej ) > 0, then expected benef it(ej ) ← expected benef it(ej ) + icost(ei , ej ).
4. For all events ek that have a serial interaction with ei , decrease their expected benefit by the magnitude of the icost.
For all ek , if icost(ei , ek ) < 0, then expected benef it(ej ) ← expected benef it(ej ) − abs(icost(ei , ej )).
5. Until N events have been optimized, go to step 2.

This heuristic makes use of both parallel and serial interactions. Step 3 accounts for the
“bonus” from parallel interactions by increasing the expected benefit of events that have a positive
icost with the event that has already been chosen for optimization. Step 4 accounts for serial
interactions by tempering the expectation of improvement for events with a negative icost.

Slack Interactions.

The same principles used for quantifying cost interactions above could be

used for slack. A couple characteristics of slack appear to make another approach more attractive
in practice, however. For one, slack only exhibits serial interactions; there is no graph that causes
edges to have a parallel interaction in regards to slack. Second, we have found empirically that slack
interactions typically involve many events, such that simple pairwise measurement would not be
sufficient. Attempting to explicitly consider interactions involving tens of events while performing
an optimization may be unwieldy.
These two observations make an alternative approach more appealing for most practical
applications. We will discuss this “apportioning” style of interaction analysis in the next section.
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Figure 4.9: Apportioning Slack. The circled numbers are arrival times of the edges at the far left
E node. The global slack of the shorter path is the difference in these arrival times. This global
slack can be apporitioned in many ways to individual edges along the shorter path. Here, each edge
is apportioned five cycles.

4.3.2 Apportioning
Apportioning involves making pre-optimization decisions about how to allocate slack (or
cost) to particular edges such that the user (or optimizer) is isolated from the effects of interactions.
A simple example of apportioning in the context of slack is shown in Figure 4.9. Here, the global
slack of each of the two top edges is 10 cycles, since that is the difference in arrival times of the
critical and non-critical paths at the convergence point. It is not possible, of course, to delay each
edge by 10 cycles, since that would delay the non-critical path to such a degree that it would become
critical. If we apportion the global slack, however, giving 5 cycles to each edge, each edge can be
delayed by it’s apportioned slack without increasing execution time.
Of course, many valid apportioning policies exist. For the figure, giving 7 cycles to one
edge and 3 to the other is also reasonable. The central goal is to maximize optimization opportunities
such that, if each edge was delayed by its apportioned slack, all edges would be critical. In general,
many apportioning policies will meet this goal. Which policy is most appropriate depends upon the
optimization that will be performed.
More formally, let S be an assignment of some amount of slack (possibly zero) to each
instruction in such a way that the last instruction is not delayed. Given an assignment of slack
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S, the apportioned slack of instruction i is S(i), i.e., the slack assigned to i. The assignment can
be arbitrary (as long as it does not delay the last instruction) and is intentionally left up to the
apportioning policy.

Apportioning Policies.

The choice of apportioning policy is highly dependent on the optimization

that is to be pursued. Here are a couple policies we have experimented with in the past.
Five-cycle apportioning. One way to apportion slack is to attempt to give each instruction,
say, five cycles of slack. This strategy might be useful if we wanted to know how many instructions
could tolerate a long (non-uniform) bypass. From our measurements, approximately 75% of instructions have apportioned slack of five cycles. In other words, the execution contains a particular set of
75% of instructions that can be simultaneously delayed by five cycles. This surprising observation
suggests tremendous optimization opportunities.
Latency-plus-one-cycle apportioning. Another apportioning strategy that we consider reflects a control policy for a constraint-aware processor that has a (power-efficient) ALU that runs at
half the frequency of the other ALU. The goal of the control policy would be to maximize the number of instructions steered to the slow ALU, while maintaining the performance of a two-fast-ALUs
machine. The corresponding apportioning strategy would be to maximize the number of instructions whose apportioned slack equals their original execution latency plus one cycle (so that they
can tolerate the doubled latency of the slow unit plus some bypass overhead).

4.4 Summary
In this chapter, we have expanded upon our notion of criticality to distinguish not only
whether a microprocessor event is critical or not, but also how critical or how far from critical the
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event is. Furthermore, we have discussed two ways (quantifying and apportioning) for interpreting
interactions between events that occur near each other in a parallel system. From these primitives,
we have shown how accurate and complete performance breakdowns can be created.
Now that we have the underlying framework for our performance analysis, the rest of
the thesis will deal with the more practical concerns of how to compute the metrics efficiently
(Chapter 5), measure them in hardware (Chapter 6), and use them in productive ways (Chapter 7).
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Chapter 5

Software Algorithms
In this chapter we will discuss in detail the algorithms used to efficiently compute the
metrics discussed in the previous section. These algorithms are useful after the graph is constructed
and available. Thus, for practical purposes, they are most useful in a simulator or after the graph
is gleaned from performance counters (which would need to be enhanced via Shotgun Profiling,
discussed in Section 6.3).
We will start by discussing a memory and computational efficient mechanism for computing the critical path of a program’s execution. We will then present multiple ways to compute the
more sophisticated metrics of slack and cost, depending on the particular demands of the analysis.

5.1 Computing criticality
The critical path through the dependence graph is simply the longest path through the
graph. Thus, the brute-force approach to calculating criticality is to enumerate all of the possible
paths and pick the longest. Of course, a much more efficient algorithm is possible using a simple
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topological sort. Our efficiency requirements are even more demanding, however. The problem is
that the natural algorithm for finding criticality would require two passes, one for performing the
topological sort and another for identifying the critical edges and nodes. This two-pass approach is
rather expensive, however, since it requires buffering the entire graph, which would be very large
for a long program execution run. In this section, we will describe our single-pass algorithm as it
would be used in a simulator. In the next section, we will use some of the same principles to develop
an efficient hardware implementation.
The first key insight is that an edge e that is on the critical path must be the last-arriving
edge into its target node n. In other words, the critical edge must be on the longest latency path
from the beginning of the program to its target node. This should not be a surprising conclusion
since, by definition, a critical edge is also on the longest latency path through the entire program. If
there was some longer latency path to n that did not include e, e could not be on the critical path.
So, we can find the critical path by building only a subset of edges of the graph: those that
are last arriving. The critical path, then, is the chain of last-arriving edges from the first fetch node
to the last commit node of the program. This chain can be found easily via a backward traversal
from the end of the program. Figure 5.1 illustrates the procedure.
As described, the algorithm still requires buffering the entire graph. The second key
insight that removes this requirement is that there are some edges in the graph that can be determined
to be critical using local analysis, rather than the global last-arriving edge traversal described above.
These edges, called articulation edges, effectively divide the large, whole-program-execution graph
into many much smaller chunks, each of which can be operated on independently. Thus, only the
portion of the graph up to the next articulation edge must be buffered in order to compute criticality.
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(a) Latency labeled dependence graph.

(b) Only last-arriving edges are relevant.

(c) Backward traversal finds critical path.
Figure 5.1: Finding the critical path using last-arriving edges.
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If these articulation edges are frequent enough, the amount of buffering that is required would be
modest.
We employ two different strategies for identifying articulation edges. The simplest involves identifying cuts that divide all the nodes in the graph into one of two subgraphs. The cuts are
made across a set of edges, as shown in Figure 5.2a; these edges are referred to as the cut-set. Since
the critical path is a continuous sequence of last-arriving edges from the beginning of the program
to the end, one of the edges in this cut must be critical. Furthermore, we know that every critical
edge is also a last-arriving edge. Thus, if there is only one last-arriving edge in the cut-set, that edge
must be critical. Since identifying whether an edge is last-arriving can be done without buffering
the entire graph, this edge is an articulation edge for our analysis.
In practice, we have found branch misprediction (EF ) edges are likely candidates for
articulation edges. (In other words, a cut across an EF edge often yields a cut-set with only the EF
edge as last-arriving.) Using this technique, it is typically possible to identify an articulation edge
every few hundred instructions.
A second strategy for identifying articulation edges can be employed if the simpler strategy above does not yield articulation edges with sufficient frequency. It starts with finding cuts as
above, but if there is more than one last-arriving edge in the cut-set, instead of just giving up, each
edge is traversed backwards until a convergence point is found. The edge at the convergence point
will be an articulation edge. Figure 5.2c illustrates the procedure. Since the critical path begins at
the first node of the first instruction, it is guaranteed that a convergence will be found. For the strategy to be successful, convergence would need to be found relatively quickly, however, otherwise a
large portion of the graph would need to be buffered in memory.
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(a) A graph cut.

(b) Same as above but only showing last-arriving edges.

(c) More sophisticated articulation point algorithm.
Figure 5.2: Articulation edges aid in finding the critical path efficiently.
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In general, it is possible for no articulation edges to exist in the whole-program-execution
graph. If this is the case, the critical path is not very dominant, in other words there are one or more
secondary paths that are nearly as long as the critical one. To find the true critical path in this case,
the entire graph would need to be buffered. For most applications, however, it is not that useful
to identify the true critical path if it is not dominant, since other paths are nearly as long anyway.
Any practical optimization would need to target both the critical and near-critical paths. Thus, in
practice, it is usually effective to just mark edges in all of these paths as “critical”.

5.2 Computing Slack
Computing slack is a more difficult problem than criticality. This is not surprising since
criticality can be inferred from slack values: any edge with zero slack is on the critical path. We
will start the discussion of slack algorithms with the most basic metric (local slack) and use that as
a basis for the more complex metrics (global and apportioned slack.) Note that there is a distinction
between the slack of a node versus the slack of an edge, but the slack of a node can always be derived
once we know the slack of all the edges, as will be made clear as we walk through the algorithms..

Local slack.

The local slack of a node is determined by first computing the local slack of each

edge in the graph. The local slack of an edge e = u → v is simply the number of cycles that the
latency of e can be increased without delaying the target node v. The local slack of e is computed
as the difference between the arrival time of the latest (i.e., last-arriving) edge sinking on v and the
arrival time of e (see Figure 5.3(a) for an example). The local slack of a node v is then the smallest
local slack among the outgoing edges of v. Thus, the local slack of the middle node in the figure is
min(L3 , L5 ) = 1 cycle.
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(a) Calculating local slack.

(b) Calculation global slack.
Figure 5.3: Computing Local and Global Slack.
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ComputeGlobalSlack(G)
// initialization
arrival time[n] ← 0 for all nodes n ∈ N [G]
// forward pass
for each node n ∈ V [G] in topological order
for each incoming edge e to n
if latency[e] + arrival time[source[e]] > arrival time[n]
arrival time[n] ← latency[e] + arrival time[source[e]]
// compute local slack
for each incoming edge e to n
local slack[e] = arrival time[n] − (latency[e] + arrival time[source[e])
// backward pass, to compute global slack
global slack[n] ← 0 for all nodes n ∈ N [G]
for each node n ∈ N [G] in reverse topological order
for each outgoing edge e from n
if global slack[e] < global slack[n]
global slack[n] = global slack[e]
for each incoming edge e to n
global slack[e] = global slack[u] + local slack[e]

Figure 5.4: Global slack algorithm.
Global slack.

As with local slack, we start by computing global slack of edges. The global slack

of an edge e is the number of cycles that the latency of e can be increased without extending the
graph’s critical path. As with local slack, the global slack of a node v is the smallest global slack
available among v’s outgoing edges.
While local slack was computed by merely examining nodes and their edges, the computation of global slack involves backward propagation that accumulates local slack. Consider
Figure 5.3(b) as an example. We start by knowing the value of local slack Li of each edge ei and
end up computing, for each edge ei , the value of global slack Gi for each edge.
In the example, G3 , the global slack of edge e3 , equals the sum of the local edge slacks
L3 and L6 . We can compute G3 recursively, as the sum of L3 and G6 . In general, the expression for
computing the global slack of an edge e is Ge = Le + min(Gout1 , Gout2 , .., Goutn ) where Gout1 to
Goutn are the global slacks of the outgoing edges of e’s target node.
The complete algorithm is shown in Figure 5.4. While the algorithm is linear, there unfor-
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tunately does not seem to be an equivalent to articulation edges when computing slack. For accurate
slack computation, the graph of the entire program execution must be buffered (or saved to disk).
We have found in practice, however, that global slack can be approximated with high precision
by analyzing sufficiently large segments of the execution (a few tens of thousands of instructions),
much smaller than the entire program run.

Apportioned slack.

Having computed global slack, we are ready to compute apportioned slack.

The goal of the algorithm is to apportion a certain amount of slack to as many nodes as possible,
so that all nodes can be delayed (together) by the amount of slack apportioned to them without
extending the critical path. The exact amount of slack we attempt to apportion to each node depends
on the apportioning strategy.
The algorithm we use does not perform an optimal apportioning, but instead greedily
apportions slack to the first nodes encountered during a forward pass, after computing global slack
using the algorithm above. For example, assume an analyst wished to employ an apportioning
strategy that gave five cycles of slack to as many nodes as possible. Performing this apportioning
optimally is intractable, but our approach would provide a greedy solution that is (hopefully) good
enough. As the forward pass encountered each node v, a check would determine whether enough
global slack exists to apportion v five cycles of slack. If enough existed, v would be apportioned
five cycles, and it would be ensured that no other nodes further downstream are apportioned those
five cycles. This process would continue until the forward pass reaches the end of the program. The
entire algorithm is shown in Figure 5.5.
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ComputeApportionedSlack(G)
for each node n ∈ N [G] in topological order
available slack[n] = global slack[n]
for each incoming edge e to n
if available slack[n] > available slack[e] − local slack[e]
available slack[n] = available slack[e] − local slack[e]
Apportion slack to n up to available slack[n] based on policy
for each outgoing edge e from n
available slack[e] = available slack[n] − apportioned slack[u]

Figure 5.5: Apportioned slack algorithm.

5.3 Computing Cost
The most straightforward way to compute the cost of an event, e, is to run two simulations:
one with e idealized and one with no idealizations. Then, cost(e) is simply the difference between
the execution times of the non-idealized and idealized executions. Furthermore, icosts can be
computed similarly, since they are derived from simple cost measurements (e.g., icost(e1 , e2 ) =
cost(e1 , e2 ) − cost(e1 ) − cost(e2 )).
In practice, though, this multiple-simulation approach is expensive, especially if the number of cost measurements to be taken is very high. For instance, if a user wants to know the cost of
every data cache miss, running so many simulations is undesirable. In other cases, a simulator may
not even be available. Fortunately, we have developed algorithms to compute cost much more efficiently using our dependence graph, which can be built from data collected by modified hardware
performance counters.
The natural algorithm for computing the cost of an event on the graph would be to idealize
the edge representing the event, and then measure the change in critical-path length this graph modification induces. While more efficient than running a full simulation, some analysis applications
would require many critical-path length measurements, with a corresponding long analysis time.
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In particular, if an analyst wished to measure the cost of every edge in the graph, the complexity
would be quadratic, since each critical path measurement is O(m), where m is the number of edges.
We employ some optimizations that reduce this complexity in practice (see Section 5.4 below), but
before we get to those, we will first discuss a special-purpose algorithm that can compute the cost
of every single edge in the graph in near linear time.

Near-linear-time algorithm.

The key observation to the algorithm is to realize the cost of an edge

on the critical path is equal to the the slack of the second-most critical path. In other words, the cost
of a critical edge e is equal to the minimum of the slacks of all edges parallel to e. The intuition
behind this is that, since the cost of an edge is the reduction in critical-path length realized when the
edge is idealized, the maximum reduction possible is the difference between the current critical-path
length and the length of the second-most critical path. This value is precisely the global slack of the
second-most critical path.
This observation alone is not enough to yield a linear time algorithm, however. In general,
finding the set of edges parallel to an edge e requires O(m) time, where m is the number of edges.
Thus, to find such sets for every possible edge, the straightforward algorithm would require O(m2 )
time. Careful bookkeeping is required to reduce this complexity.
The first step is to topologically sort the critical-path nodes and assign each a number k
such that if node n1 is assigned k1 and n2 is assigned k2 and k1 < k2 , n1 is an ancestor of n2 (see
Figure 5.6). Then, for each non-critical edge e, a range is found D = (kb , ke ) where every edge
on the critical path between kb and ke is parallel to e. These ranges can be found with two passes
of a simple dataflow analysis (see Figure 5.7). Finally, the critical-path is traversed in a forward
direction, maintaining a priority queue of all edges parallel to each critical-path edge. The cost of

79
AssignNumbers(G, S)
CU RID ← 0
ID(N ) ← ∅ for all N
EN QU EU E(CQ, S) while CQ not empty or N CQ not empty
if N CQ not empty
N ← DEQU EU E(N CQ)
else
N ← DEQU EU E(CQ)
ID(N ) ← CU RID
CU RID ← CU RID + 1
for Nc in CHILDREN (N )
if ID(Nc ) = ∅
if Nc not critical
EN QU EU E(N CQ, Nc )
else
EN QU EU E(CQ, Nc )

Figure 5.6: Algorithm to topologically sort and assign numbers to nodes as part of an algorithm
to compute the cost of every node. S is the first (starting) node of the graph. CQ is a queue for
holding critical nodes. N CQ is a queue for holding noncritical nodes. The resulting topological
order is represented by the numbers stored in ID(N ) for each node N in the graph.
each critical edge is the non-critical edge in the priority queue with the least global slack.
The complexity of the algorithm is O(mlogn) since the priority queue implementation
requires at most O(logn) complexity for each critical edge. In practice, however, the number of
edges parallel to a critical-path edge will be bounded by hardware resource constraints, e.g., due to
a finite-sized reorder buffer. Thus, the complexity is effectively linear.
Note that the algorithm presented computes the cost of every single edge in the graph.
In other words, the algorithm does not compute the aggregate cost of two or more edges, which is
necessary for determining interaction costs. It seems that computing the cost of every pair of edges
is more difficult than for every single edge, probably requiring an algorithm of quadratic complexity.
In practice there are a some mitigating conditions, however. Most importantly, it is not
interesting to compute the cost of every pair of edges since it is easily determined that some edges
are too distant from each other to have any interaction. So, the quadratic complexity is only within
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FindExtent(G)
for each node N of G in topological order
if N is critical
EXT EN T (N ) ← ID(N )
else
k ← minimum EXT EN T (j) of all nodes j that are parents (immediate ancestors) of n
EXT EN T (N ) ← k
return EXT EN T (n)
FindRanges(G)
BEGIN (N ) ← F indExtent(G)
Let G0 be G with all edges reversed
EN D(N ) ← F indExtent(G0 )

Figure 5.7: Algorithm to find ranges of critical nodes parallel to each noncritical node
BEGIN (N ) and EN D(N ) contain the beginning and ending identifiers for the range for each
node N .
a local region of the graph.

5.4 Algorithms for Dynamic Graphs
The algorithms for slack and cost discussed above make an important assumption concerning the graphs that they are operating on: that they are static (unchanging) during the analysis.
For most analyses, this is an acceptable assumption. It is sometimes useful, however, to modify the
graph while the processing is occurring. For instance, if we are using the graph to determine good
cutpoints in which to divide a program into multiple threads (an application sketched in a later chapter), inter-processor latencies would be placed on different edges for each possible cutpoint. Such an
application is going to necessarily require a more time-consuming analysis, but by taking advantage
of the unique structure of a microexecution graph, the analysis can be done in a reasonably tractable
way.
The basic approach we take is to measure slack and cost using the straightforward approach of computing critical-path lengths, but instead of measuring the critical path of the entire
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ComputeSlack(G, Em , localSlack)
// initialization
count ← 0
lastSlackN ode ← ∅
for each n ∈ N
slackN ode[n] ← ∞
for each em ∈ Em
slackEdge[em ] ← localSlack[em ]
// do propagation
for each n ∈ N in program order (starting at earliest targetN ode[em ∈ Em ]) {
for each ei ∈ IncomingEdges[n] − Em
slackEdge[ei] ← slackN ode[sourceN ode[ei]] + localSlack[ei]
slackN ode[n] ← MIN(slackEdge[ei ∈ IncomingEdges[n]])
// check condition for ending propagation
if slackN ode[n] = lastSlackN ode
count ← count + 1
else {
lastSlackN ode ← slackN ode[n]
count ← 0
}
if count > ROB SIZE
return slackN ode[n]
}

Figure 5.8: Algorithm to compute slack of an individual event. Note, due to the structure of our
model, this single event could occur on multiple edges. For instance, the effect of a cache miss
could occur on multiple EE edges as well as an EC edge. We could re-structure the model to avoid
such difficulties, if desired.
microexecution for each measurement, we introduce a convergence condition such that the entire
graph need not be examined. The convergence condition is based on specific knowledge of how
the graph is structured, specifically that parallelism is limited to the span of the reorder buffer. Any
dynamic alterations to the graph will be done individually for each slack or cost measurement, i.e.,
each measurement in essence has its own graph. Note that since propagation only proceeds a limited
amount before convergence is reached, we avoid constructing a copy of the entire graph for each
measurement. The algorithms are shown in Figure 5.8.
Both algorithms accept three inputs. G = (N, E) is the graph of the microexecution and
contains a set of nodes N and a set of edges E. The function IncomingEdges[n] returns the set
of incoming edges into node n; function targetN ode[e] and sourceN ode[e] return, respectively,

82
ComputeCost(G, Em , localSlack)
// initialization
count ← 0
lastCostN ode ← ∅
for each n ∈ N
costN ode[n] ← 0
for each em ∈ Em
costEdge[em ] ← ∞
// do propagation
for each n ∈ N in program order (starting at earliest targetN ode[em ∈ Em ]) {
for each ei ∈ IncomingEdges[n] − Em
costEdge[ei ] ← costN ode[sourceN ode[ei ]] + localSlack[ei ]
costN ode[n] ← MIN(costEdge[ei ∈ IncomingEdges[n]])
// check condition for ending propagation
if costN ode[n] = lastCostN ode
count ← count + 1
else {
lastCostN ode ← costN ode[n]
count ← 0
}
if count > ROB SIZE
return costN ode[n]
}

Figure 5.9: Algorithm to compute cost of an individual event.
the target and source nodes of edge e. The input Em is the set of edges that are to be measured
for slack or cost. The final input localSlack is an array containing the local slack of each edge
in the graph. Local slack of an edge e incoming to a node n is defined as LA EdgeCycle[n] −
EdgeCycle[e] where LA EdgeCycle[n] returns the cycle the last arriving edge into n is resolved
and EdgeCycle[e] returns the cycle edge e was resolved.
The algorithms are very similar except for initialization. In the slack algorithm, we start
with a small value of slack (just the local slack at the edge being measured, Em ) and continually
refine this value as we observe more slack on edges in paths leading from Em . Conceptually, we
can think of the algorithm as searching for the path from Em to the critical path that has the least
cumulative slack. This cumulative slack is reported as the slack for Em .
In the cost algorithm, we know that Em must be on the critical path (else it has a slack
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rather than a cost.) We start with a large value of cost, ∞, and continually refine this value as we
discover paths that are closer and closer to the critical path. Conceptually, we are trying to determine
how far Em is from the second-most critical path.
The convergence condition is the same for both algorithms. If the same slack or cost value
has been propagated across every edge for the last ROB size instructions, we know that the value
will never change.

5.5 Summary
In this chapter, we discussed the graph algorithms that operate on a dependence graph
of the microexecution to extract the metrics of interest for our criticality analysis (i.e., the critical
path, slack, cost, and interaction cost). These algorithms are used in two ways in our work. The
first is to implement them directly in a simulator to help computer architects better understand the
performance characteristics of the machines they are building. Secondly, the algorithms form the
basis for some of the hardware techniques and profiling infrastructures discussed in the next chapter.
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Chapter 6

Hardware Support
For many applications of our performance metrics, we want to perform measurements of
real programs executing on real machines. To make this possible, we provide hardware support for
measuring criticality, slack, and interaction cost. In the next two sections, we describe our solutions
for detecting criticality and slack in hardware. Then, in Section 6.3, we describe an alteration to
traditional performance counter infrastructure that enables us to build full-featured graphs from
scant information collected during a program’s execution.

6.1 Criticality Analyzer and Predictor
Recall the observation of the previous chapter that the critical path consists of only lastarriving edges (see Section 5.1). For the hardware criticality analyzer, we take this observation a step
further: for the goal of detecting criticality, the portion of the graph consisting of non-lastarriving
edges does not even need to be constructed. Furthermore, since the critical path consists of the
chain(s) of last-arriving edges spanning from the beginning of the program to the end, it can be
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target node

F
E

edge
Ei−1 → Fi
Ci−w → Fi
Fi−1 → Fi
Fi−1 → Ei
Ej → Ei
Ei → Ci

C
Ci−1 → Ci

last-arriving condition
if i is the first committed instruction since a mispredicted branch.
if the re-order buffer was stalled the previous cycle.
if neither EF nor CF arrived last.
if all the operands for instruction i are ready by the time i is dispatched.
if the value produced by instruction j is the last-arriving operand of i
and the operand arrives after instruction i has been dispatched.
if instruction i delays the in-order commit pointer (e.g.,, the instruction
is at the head of the re-order buffer but has not completed execution and,
hence, cannot commit).
if edge EC does not arrive last (i.e.,, instruction i was ready to commit
before in-order commit pointer permitted it to commit).

Table 6.1: Determining last-arriving edges. Edges are grouped by their target node. Every node
must have at least one incoming last-arriving edge. However, some nodes may not have an outgoing
last-arriving edge. Such nodes are non-critical.

found without knowing the operation latencies associated with the edges. (If more than one such
chain of last-arriving edges exist, each chain is equally critical.) So, if we can find a simple way of
identifying last-arriving edges, it may not be necessary for hardware to measure latencies at all.
Fortunately, it is possible to identify last-arriving edges in hardware using simple rules.
A few examples: for execution edges, the issue logic must already detect when a dependence is the
last-arriving one, since that is the cue for the dependent operation to issue. For fetch nodes, monitoring processor events is enough: e.g., if a branch misprediction prohibits a fetch from occurring,
the misprediction is the last-arriving edge. A summary of all the rules for a three node model are
shown in Figure 6.1. These rules are all the hardware needs to determine last-arriving edges and,
hence, the critical path.
Nonetheless, even with this dramatic reduction in work required for creating the graph,
the algorithm is still very expensive for a hardware implementation. The reason is that a relatively
large portion of the graph (between articulation edges) needs to be buffered before the critical-path
can be found via backwards traversal of last-arriving edges (see Section 5.1). This involves a large
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amount of storage and control logic within a processor.
We solve this problem by transforming the backwards traversal into a forward one. We do
this by employing the following property: if there exists a chain of last-arriving edges from a node
N to the end of the program, N is critical. We know this because if N is delayed by any amount
(e.g., one cycle), the execution time of the entire program will necessarily be increased (due to the
lack of any slack). So, if a forward traversal along last-arriving edges from N reaches the end of
the program, we know that N is critical. On the other hand, if there is no such chain, N cannot
be critical, since it has some (global) slack. Below we describe the algorithm we use in detail.
Note that, in order to gain criticality information while the program is still running, we employ an
approximation that could, potentially, lead to some instructions being falsely identified as critical.

Token-passing Algorithm.

The complete token-passing training algorithm is shown in Figure 6.1.

It works through frequent sampling of the criticality of individual nodes of instructions. To take a
criticality sample of node n, a token is planted into n (step 1) and propagated forward along all
last-arriving edges (step 2). If there is more than one outgoing last-arriving edge the token is replicated. At some nodes, there may be no outgoing last-arriving edges for the token to propagate
further. If all copies of the token reach such nodes, the token dies, indicating that node n must not
be on the critical path, as there is definitely no chain of last-arriving edges from the beginning of the
program to the end that contains node n. On the other hand, if a token remains alive and continues
to propagate, it is increasingly likely that node n is on the critical path.
This is the point where our approximation comes in. Instead of propagating the token
all the way to the end of the program, we stop after the processor has committed some threshold
number of instructions (called the token-propagation-distance). At this point, we check if the token
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1. Plant token at node n.
2. Propagate token forward along last-arriving edges.
If a node does not have an outgoing last-arriving edge,
the token is not propagated (i.e.,, it dies.)
3. After allowing token to propagate for some time,
check if the token is still alive.
4. If token is alive, train node n as critical;
otherwise, train n as non-critical.

Figure 6.1: The token-passing training algorithm.
is still alive (step 3). If it is, we assume that node n was critical; otherwise, we know that node n
was non-critical. The larger the token-propagation-distance, the less likely any instructions will be
falsely identified as critical (the token analyzer never, as regards to the graph, incorrectly identifies
an instruction as non-critical).
The result of the token propagation is then used to train the predictor (step 4). More will
be said about the predictor in Section 6.1.2.

Token-passing analyzer parameters discussion.

There are several parameters that are important

to consider in the design of the analyzer. One of the most important is the token propagation distance,
which is the number of instructions that must commit during a token’s lifetime in order for the node
in which the token was planted to be considered critical (step 3 of Figure 6.1). The larger the
token propagation distance, the more accurate the analyzer will be in detecting criticality. On
the other hand, more nodes will be sampled if the token propagation distance is smaller, since
the token will be available to be replanted more quickly. In addition, the criticality information for
a node is obviously not available until after the detection completes, which may cause us to miss
out on optimization opportunities if one or more dynamic instances of the static instruction being
sampled are fetched and executed while waiting for token propagation distance instructions to
commit.
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One way to get the benefits of a large token propagation distance while maintaining
a high sampling rate is to increase the number of tokens. This comes at the cost of replicating the
token-array used for storing and propagating a token. As we will see in the next section, however,
the cost of implementing the token-passing analyzer is so low that such replication is relatively
inexpensive.
A final parameter of the analyzer is the policy used to decide which nodes to plant tokens
into (step 1), which determines how many samples would be taken of each static instruction. Experimentally, we have found that this policy does not matter much in practice. If tokens were planted
in a completely deterministic manner, however (e.g., immediately after they are freed), there are
pathological cases that would lead to many static instructions never being sampled. For this reason,
we use a randomized policy.

6.1.1 Hardware Implementation of the Analyzer
We’ll discuss two approaches to implementing the token-passing algorithm in hardware.
The first performs the token propagation via read-modify-write operations on a small array. The
benefit of this approach is that (except for the last-arriving edge detection) all of the logic for the
token-passing is located outside any datapaths of the processor. The only information that must
be provided by the processor are the last-arriving edges. One disadvantage is that the bandwidth
required to transmit the last-arriving edges from the processor core to the analyzer is fairly high.
As an estimate, the number of bits the must be transmitted each cycle would be equal to number of
instructions committed per cycle × number of nodes per instruction × number of bits to represent
the origin of a last-arriving edge. For a 6-wide machine with 3 nodes per instruction and a 256
instruction ROB, the expression yields 6 × 3 × 8 = 124 bits. More importantly, the wires for this

89
information will be coming from all over the chip, which can lead to routing problems. Our alternative implementation performs the token-passing in a distributed manner, local to where each of the
last-arriving edges are determined. This approach eliminates the read-modify-write operations and
the large number of wires coming out of the processor at the expense of some modularity, since the
analyzer is no longer centralized.

Centralized (Off-the-core) Implementation
Our centralized implementation performs the token passing outside of the main processing
core by performing read-modify-write operations to a small array (Figure 6.2). The array stores
information about the segment of the dependence graph for the ROB size most recent instructions
committed. One bit is stored for each node of these instructions, indicating whether the token was
propagated into that node. Note that the array does not encode any dependence edges; their effect
is implemented by the propagation step (see step 2 below).
As each instruction commits, it is allocated an entry in the array, replacing the oldest
instruction in a FIFO fashion. A token is planted into a node of the instruction by setting a bit in the
newly allocated entry (step 1 of Figure 6.1).
To perform the token propagation (step 2), the processor core provides, for each committing instruction, identification of the source nodes of the last-arriving edges targeting the three
nodes of the committing instruction. (An identifier for a last-arriving edge is simply the instruction
number assigned to the instruction containing the source node, along with the node type. The instruction numbers are assigned in program order in the range of 0 to ROB size, wrapping when
the maximum extent is reached.) For each source node, its entry in the token array is read (using
its identifier as the index) and then written into the target node in the committing instruction. This
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simple operation achieves the desired propagation effect. Finally, note that the reason why the token
array does not need more than ROB size entries is the observation that no critical-path dependence
can span more than ROB size instructions.
Checking if the token is still alive (step 3) can be easily implemented without a scan
of the array, by monitoring whether any instruction committed in the recent past has written (and
therefore propagated) the token. If the token has not been propagated in the last ROB size committed
instructions, it can be deduced that none of the nodes in the token array holds the token, and, hence,
the token is not alive. Finally, based on the result of the liveness check, the instruction where the
token was planted is trained (step 4) by writing into the critical-path prediction table, using the
hysteresis-based training rules in Table 6.2.
After the liveness check, the token is freed and can be re-planted (step 1) and propagated
again. The token planting strategy is a design parameter that should be tuned to avoid repeatedly
sampling some nodes while rarely sampling others. In our design, we chose to randomly re-plant
the token in one of the next 10 instructions after it is freed.

Hardware Costs.

Now we will analyze the hardware expense of the token-passing array in the

centralized implementation. As mentioned above, the frequency of the sampling is influenced by
both the token-propagation-distance and the number of tokens available for planting. In this implementation, additional tokens increase the size and number of ports required of the token array;
but they are inexpensive in terms of additional control logic since all of the tokens can be read and
written together during propagation. For the propagation distance we chose (500 + ROB size = 1012
dynamic instructions), eight simultaneous in-flight tokens was sufficient. For this configuration, the
token array size is 1.5 kilobytes (reorder buffer size × nodes × tokens = 512 × 3 × 8 bits).
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Figure 6.2: Training path of the critical-path predictor. Training the token-passing predictor
involves reading and writing a small (less than one kilobyte) array. The implementation shown
permits the simultaneous propagation of eight tokens.
Although the number of ports of the token array is proportional to the maximum commit
bandwidth (as well as to the number of simultaneous last-arriving edges), due to its small size, the
array may be feasible to implement using multi-ported cells and replication. Alternatively, it may
be designed for the average bandwidth. Bursty periods could be handled by buffering or dropping
the tokens.

Distributed (Throughout-the-core) Implementation
The key to the distributed implementation is that the tokens are attached as extra control
bits to each instruction as it flows through the pipeline. There would be one bit for each node, and
multiple sets of these bits if multiple tokens are supported. Although it may sound expensive to
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Figure 6.3: Example of token passing in distributed criticality analyzer implementation. The
logic for passing a token into the D-node of an instruction being dispatched is shown. Logic for the
other nodes would be similar in flavor.
attach a few bits to every dynamic instruction as they flow through the machine, most processor
implementations transmit hundreds of bits for each instruction already. A few extra bits represents
rather small overhead.
In this style of implementation tokens are planted (step 1) into a node of an instruction by
setting the node’s token bit as the instruction is fetched (or at least before the corresponding stage
of the pipeline).
Token propagation (step 2) is performed “inline” as the instruction flows through the
pipeline. By inline we mean that the token-passing logic resides within the core of the machine and
that the token is passed as soon as the last-arriving edges are detected. While at first this may sound
intrusive to the operation of the processor core, the propagation operation is exceedingly simple,
perhaps even simpler than recording the last-arriving edges for later propagation in the centralized
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scheme. When one of the last-arriving rules is observed, instead of recording the minimal information to communicate to a token-passing backend as in the centralized scheme, a single bit is set in
the consuming instruction.
For example, consider the token-passing logic for tokens flowing into the F node of instruction i, illustrated in Figure 6.3. If an ROB stall occurred such that the fetch of i was delayed,
the value of the C node at the instruction that caused the stall is written into the bit representing i’s
F node. On the other hand, if i is the first correct-path instruction after a branch misprediction, the
value of the E node of the mispredicted branch is written into i’s F node. Finally, if neither of the
other conditions are met, the value of the previous fetched instruction’s (i − 1’s) F node is written
into i’s F node.
Checking if the token is still alive (step 3) is performed the same way as in the centralized
scheme. The token bits attached to the instructions are observed as each instruction commits. If
none of the bits for a token are set for the last ROB size instructions, we can conclude the token is
dead. After the token dies (or the token propagation distance is exhausted), the token can be “freed”
and replanted (step 1).

Hardware Cost.

When considering the design parameters of the token-passing analyzer, there is

one significant difference as far as incremental hardware expense between the centralized and distributed implementations: the cost of additional tokens to increase sampling rate. In the distributed
implementation, increasing the number of tokens incurs a cost of extra bits attached to each instruction as it flows through the pipeline. This expense, since it occupies precious real estate within the
processor core, suggests that extra tokens are more expensive than in the centralized scheme.
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6.1.2 History-based Prediction
In the previous section, we discussed implementations of the criticality analyzer, which
determines with a high degree of accuracy the criticality of a single dynamic instruction (or, more
specifically, micro-operation). Due to token propagation latency, however, the analyzer does not
return a criticality result until long after the instruction has completed execution, which is far too
late for applying most optimizations. For example, a criticality-based instruction scheduling policy
would obviously need to know which instructions are critical before the instructions are scheduled
for execution.
Our solution is to use the analyzer to train a critical-path table, which is indexed by the
PC of the instruction. As another dynamic instance of a previously analyzed static instruction is
fetched, a prediction of criticality is retrieved from the table. Then, this information can be used to
make optimization decisions.
For this type of prediction scheme to work, the criticality of instructions must exhibit
“locality”, in the sense that different dynamic instances of the same static instruction have similar
criticality characteristics. Of course, this will not always be true. For example, a branch instruction and the instructions it depends upon are likely to be non-critical when the branch is predicted
correctly and critical when it is predicted incorrectly. Our hope is that some static instructions are
much more likely to be critical than other instructions. The goal of our hardware analyzers, then,
would be to identify this more-likely-to-be-critical set of instructions.
Since the criticality of different nodes (fetch, execute, commit) have very different characteristics, we will discuss each individually. Figure 6.4 shows a characterization of criticality for
the execute (E node) of instructions. From the figure we see that very few instructions are critical
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Figure 6.4: Dynamic to Static Histogram. For each static instruction, the percentage of its dynamic
instances that are critical (its “criticality frequency”) was recorded. The figure shows the percent
of static instructions that had a criticality frequency within each range specified in the legend. The
y-axis is the percent of static instructions, weighted by their dynamic frequency.
all the time. At first glance, this seems to be bad news for a history-based predictor, since few static
instructions can be identified as always critical. There are, however, many instructions which are
never critical, and it is certainly true that some static instructions are more often critical than others.
The goal of our predictor, then, will not to predict the precise criticality of every dynamic instruction
but instead to identify those static instructions which exhibit criticality more frequently than others.
Critical path
prediction table
Token propagation
Distance
Maximum number
of Tokens in flight
simultaneously
Hysteresis

Planting Tokens

12 kilobytes
(16K entries * 6 bit hysteresis)
1012 dynamic instructions
(500 + ROB size)
8

Saturate at 63, increment by 8 when
training critical, decrement by
one when training non-critical.
Instruction is predicted critical
if hysteresis is above 8.
A Token is planted randomly in the
next 10 instructions after it
becomes available.

Table 6.2: Configuration of token-passing predictor.
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(a) Comparison against “ideal” CP, computed offline.
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(b) Comparison via latency reduction.

Figure 6.5: The token-passing predictor is very successful at identifying critical instructions.
(a) Comparison of the token-passing and two heuristics-based predictors to the “ideal” trace of the
critical path, computed according to the model from Section 3.2.2. The token-passing predictor is
over 80% (88% on average) accurate across all benchmarks and typically better than the heuristics,
especially at correctly predicting nearly all critical instructions. (b) Plot of the difference of the performance improvement from decreasing critical latencies minus the improvement from decreasing
non-critical latencies. Except for galgel, the token-passing predictor is clearly more effective.
Consider the number of samples required to obtain a good measure of criticality for a
static instruction. Remember we are attempting to identify the set of static instructions that are most
likely to be critical. If instructions in that set are critical during, say, one-fourth of their dynamic
instances, on average of four samples will need to be taken to detect its criticality.
We have found that this goal is best achieved by using a predictor that has hysteresis
biased towards predicting that an instruction is critical. In other words, a static instruction is quickly
learned to be critical when one of its dynamic instances is found to be critical, while many of its
dynamic instances must be detected noncritical before the static instruction is considered noncritical.
Empirically, we found the scheme described in Table 6.2 works well.

Predictor Accuracy
The two most meaningful measures of accuracy of the predictor for dynamic hardware
optimizations are (1) what fraction of dynamic instructions that are critical are predicted as critical?

97
and (2) what fraction of noncritical dynamic instructions are predicted noncritical? Both questions
are interesting, since a typical optimization using criticality, e.g., resource arbitration, would perform best if all critical instructions are given high priority and all noncritical instructions are given
lower priority.
Recall that the locality measurements of the previous section showed that few static instructions are critical for a majority of their dynamic executions. That fact combined with our design
decision to identify those static instructions that are more likely than others to be critical (even if
they are only occasionally critical) causes us to expect to see a large number of noncritical dynamic
instructions predicted as critical. From Figure 6.5, however, we are pleasantly surprised to find only
approximately 10% of instructions are incorrectly predicted critical. In addition, very few dynamic
critical instructions are predicted noncritical (less than 2%). All in all, only 15% of the instructions
are predicted critical and that 15% includes nearly all of the actually critical instructions. This result
speaks well for using the criticality predictor for resource arbitration and policy decisions.

Comparison to Heuristics-based Approaches.

Our token-passing predictor is designed using a

global view of the critical path. An alternative is to use local heuristics that observe the machine
and train an instruction as critical if it exhibits a potentially harmful behavior (e.g.,, when it stalls
the reorder buffer). A potential advantage of a heuristic-based predictor is that its implementation
could be trivially simple.
Our evaluation suggest that heuristics are much less effective than a model-based predictor. We compare our predictor to two heuristic predictor designs of the style used in Tune, et
al. [110]. The first predictor marks in each cycle the oldest uncommitted instruction as critical. The
second predictor marks in each cycle the oldest unissued instruction if it is not ready to issue. We
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used the hysteresis strategy presented in their paper.
We first compare the three predictors to the “trace” of the critical path computed by the
simulator using our model from Section 3.2.2. (The trace is guaranteed to accurately identify critical
or noncritical instructions to the extent that they can be correctly identified using the dependence
graph.) The results, shown in Figure 6.5(a), show that we predict more than 80% of dynamic instructions correctly (both critical and non-critical) in all benchmarks (88% on average). Our predictor
does a better job of correctly predicting critical instructions than either of the two heuristics-based
predictors. Note that the oldest-unissued predictor has a relatively low misprediction rate, but tends
to miss many critical instructions, which could significantly affect its optimization potential.
Second, to perform a end-to-end comparison that factors out our critical-path model, we
study the effectiveness of the various predictors with the same experiment that we used for validating the model—extending all latencies by one cycle and then decreasing critical and non-critical
latencies. For an informative comparison, we plot the difference of the performance improvement
from decreasing critical latencies minus the improvement obtained when decreasing non-critical
latencies. This yields a metric of how good the predictor is at identifying performance-critical
instructions. The larger the difference, the better the predictions. The results are shown in Figure 6.5(b). The token-passing predictor typically outperforms either of the heuristics, often by a
wide margin. Also, notice that the heuristics-based predictors are ineffective on some benchmarks,
such as oldest-uncommitted on gcc and mesa and both oldest-uncommitted and oldest-unissued on
vortex. While a heuristic could be devised to work well for one benchmark or even a set of benchmarks, explicitly modeling the critical path has the significant advantage of robust performance over
a variety of workloads.
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6.2 Slack Analyzer
On the surface, slack seems much more difficult to analyze in hardware than criticality.
After all, the software algorithm we use requires us to measure latencies on the edges and perform
two passes over the entire graph. There is no obvious way of determining slack using only lastarriving edges or only one forward pass.
We simplify the problem considerably, however, with a trick that effectively reduces the
problem of slack computation to one of criticality. Remember that the slack of an event is the
number of cycles that event can be delayed without increasing execution time. So, if we delayed
an event by n cycles, but the execution time remained unchanged, we could conclude that the event
has at least n cycles of slack. Determining whether execution time increases due to a delay is very
difficult, however, since execution time is not generally known until the program completes.
Our solution uses the criticality of an event as an indication of whether execution time
increased. From the definition of criticality, an event that is not on the critical path has no effect on
execution time. So, if the event is non-critical after a delay of n cycles, the event must have at least
n + 1 cycles of slack. (The event has at least n + 1 cycles of slack since slack is defined by the delay
that can be incurred without increasing the length of the critical path, as opposed to simply making
the event critical.)
The hardware algorithm, thus, answers the question “does the dynamic micro-operation
event e represented by node n have k cycles of slack?”, using the procedure of Figure 6.6.
Notice that the procedure does not detect the precise amount of slack a micro-operation
has. Our approach is to obtain an approximate, averaged value of slack for a static instruction by
repeatedly applying the above procedure with different delays to many of its dynamic instances.
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Delay e by k cycles
Plant token into node n
Propagate token and detect criticality as in Section 6.1
If n is detected critical:
e does not have k cycles of slack
else:
e does have k cycles of slack

Figure 6.6: Algorithm for measuring slack in hardware.
This approach has the implicit requirement that there is a locality of slack, meaning that different
dynamic instances of a static instruction have similar amounts of slack. (Otherwise the algorithm
would be searching for a single slack value that does not exist.) We will discuss the characteristics
of slack locality that we discovered in our benchmarks below.

6.2.1 Locality of Slack
From the locality of criticality experiments above, we found that many static instructions
are always noncritical across all (or the vast majority) of their dynamic instances. That data did
not tell us, however, whether the dynamic instances of those static instructions each have the same
amount of slack. In this section we perform locality experiments to test whether the implicit analyzer
above can be converted into a history-based predictor.
Our experiments present good news: 68% of static instructions (dynamically weighted)
almost always have enough slack to double their latency (precisely, they have enough slack on at
least 90% of their dynamic instances; see Figure 6.7). More significantly, this slack represents about
80% of all apportioned slack (that is, 80% of slack exploitable by an oracle predictor that correctly
predicts the slack of every dynamic instruction).
The methodology we used is as follows. First, we computed the apportioned slack using
one of the many possible optimization-specific apportioning polices (e.g., the latency-plus-one strat-

100

100

90

90

Percent of (weighted) static instructions

Percent of (weighted) static instructions

101

80
70
60
50
40

ideal
90%

30

95%
100%

20

80
70
60
50
40
ideal

30

90%
95%

20

100%

10

10

0

0
ammp

art

gcc

gzip

mesa

parser

perl

vortex

average

ammp

art

gcc

gzip

mesa

parser

perl

vortex

average

Figure 6.7: Mapping dynamic slack behavior to static instructions. Uses latency-plus-one-cycle
apportioning. On the y-axis, the number of slackful static instructions is weighted by the number of
each static instruction’s dynamic instances.
egy introduced in Section 4.3.2). Next, we identified slackful static instructions. A static instruction
is slackful if D% of its dynamic instructions contained apportioned slack, where D was varied from
90 to 100.
Figure 6.7a plots the amount of slackful static instructions for the latency-plus-one apportioning strategy. The chart also plots the total amount of apportioned slack (labeled ideal). This
slack could be exploited with an oracle predictor that is correct on each dynamic instruction. Note
that while relatively few static instructions are slackful all the time (28%, on average), allowing just
5% “misprediction rate” (i.e., requiring them to be slackful 95% of the time) brings this amount to
62%, on average.
As a second example, Figure 6.7b plots the same data using the five-cycle apportioning
policy, which attempts to apportion five cycles of slack to as many instructions as possible (see
Section 4.3.2). From this chart, we see that slightly less than half of the static instructions can be
apportioned five cycles of slack with a low 5% misprediction rate.
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Sampling Requirements.

Now consider the number of samples required to measure the average

slack of a static instruction. If we could assume every dynamic instance of a static instruction had
the same slack, a binary search would arrive at the correct value in log2 (M ax Slack) steps, where
M ax Slack is the largest value of slack that would be explored. So, if we didn’t care about precise
values of slack over 128 cycles, log2 (128) = 7 samples would be required.
Unfortunately, slack does vary substantially from one dynamic instance of a static instruction to the next, according to the microarchitectural behavior surrounding the dynamic instruction’s
execution. Not only does this variance increase the number of samples required to obtain an accurate
reading, it also complicates the binary search used to converge on an average value. In our experimentation, we have found that obtaining precise values of slack using this “delay-and-observe”
approach is very difficult, possibly intractable.
Fortunately, precise values of slack are not usually needed to make effective use of slack
information in optimizations. Instead, we are generally concerned whether an instruction has
enough slack, where “enough” is defined by the specific application that the analyst is interested
in.
Besides this, the types of machines for which slack is especially useful may not provide
the capability to measure slack independent of its heterogeneous resources. For example, on a
machine with both fast and slow functional units, an instruction will appear to have different slack,
depending on which functional units it (and its dependents) were executing when its slack was
sampled. Below we discuss a predictor design that takes these realities into account.
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6.2.2 Implicit-Slack Predictor
We call the predictor described above that attempts to arrive at the precise value of slack an
explicit slack predictor. Here we describe an alternative which, instead of arriving at a precise value,
produces a slack-based categorization of instructions according to the optimization or heterogeneous
resources being employed. We call this style of slack prediction implicit, since an instruction is
known to have slack due to its ability to be delayed by some slow resource without increasing
execution time, but the precise value of slack is unknown.
The implicit-slack predictor works by dividing instructions into slack bins, according to
the resources that these instructions can tolerate. The number of bins is determined by the number
of decisions a control policy must make for each instruction. For an example, let us consider a
machine that has two pipelines, one fast and one slow. Let’s say the control policy for this machine
must make two decisions for each instruction i: (1) should i be steered to the fast or slow pipeline?
and (2) should i be scheduled with high priority or low priority within a pipeline? These two
decisions lead to four slack bins:
1. steer to fast pipeline & schedule with high priority,
2. steer to fast pipeline & schedule with low priority,
3. steer to slow pipeline & schedule with high priority,
4. steer to slow pipeline & schedule with low priority.
These four bins can be viewed as corresponding to four virtual heterogeneous resources, where
each dynamic instruction is assigned to one resource. In general, if a control policy must make k
decisions for each instruction (with two choices for each decision), we have 2k virtual resources,
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each corresponding to a slack bin.
Notice that, unlike the explicit-slack predictor, measuring slack implicitly avoids the need
for dedicated logic to artificially delay an instruction. Instead, the slack analyzer can delay the
instruction naturally, by steering it to the resource whose latency needs to be tolerated. An implication of this characteristic is that the precise amount of slack required of an instruction to belong
to each bin does not need to be explicitly known: the actual delays experienced by the instruction
in the hardware are used to control policy decisions. Also, training is much faster, since there are a
relatively small number of bins.

Cost Analyzer.

It is theoretically possible to determine the cost of a micro-operation in hardware

in a way similar to the “delay and observe” approach employed by the slack analyzer above. The
idea would be to use the property exploited in the cost calculation algorithm of Section 5.3. Specifically the cost of an edge e is the minimum of the slacks of all edges parallel to e. Thus, using
the explicit slack analyzer above along with a mechanism to determine which events are parallel to
others would be enough to determine the cost of an event. Then, computing interaction costs would
require determining the cost of groups of events.
Unfortunately, computing cost in this way places even more demands on locality than
did the explicit slack predictor, and we have already discussed above why computing slack may
be intractable due to the variance of microarchitectural behavior. In the next section, we discuss
a method to enhance performance counters to such a degree that a microexecution graph can be
constructed offline. With this graph, cost (as well as any other desired metric) becomes possible to
compute accurately.
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6.3 Shotgun Profiling
While the above analyzers for criticality and slack are needed for quick-feedback online
optimization, they are much less flexible than the graph analysis we can do in software. For example,
the apportioning policies used in the slack analyzer would need to be very simple, and we have not
discussed any analyzers that can measure cost and interaction cost.
To enable these and other advanced measurements of programs executing on real hardware, we propose an improved version of traditional hardware counters. Instead of simply recording
the events that occurred to a specific instruction (e.g., as in the ProfileMe infrastructure), we would
also record a few bits of context around the instruction. This context could include information
about whether branch mispredicts or cache misses occurred in the instruction’s vicinity.
Offline, we can then build dependence graphs for statistically representative fragments of
the execution using the collected information. The context helps in the process by identifying which
instruction samples should be placed in the same graph fragment. We call this procedure shotgun
profiling due to its similarity to shotgun genome sequencing [40]. Once the graph is constructed, we
can perform any measurement that is desired, using the software algorithms described in Chapter 4.
The task of enhancing performance counters with enough information such that the graph
can be constructed while introducing relatively little hardware complexity is very challenging.
Rather than immediately presenting our final solution, we will describe an evolution of designs
that will provide a better understanding of the motivation behind our approach, discussed in full at
the end.
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Design
1. Hardware-intensive measurement.
2. Sample each static instruction
once.

3. Record short microarchitectural signature around each sampled instruction.
4. Record long signature as a
baseline and patch in sample profiles using short signatures.

Problem
Hardware too expensive since it generates information too rapidly.
Doesn’t distinguish between different
microarchitectural behavior (e.g., an iteration of a loop with a branch misprediction versus an iteration without one.)
Accumulates error as each instruction
is stitched together to form a graph.

Solution
Sample instructions sparsely.
Use microarchitectural context
(in the form of a
signature).
Use long signature that spans
length of graph.

Table 6.3: Profiler designs. Design #4, with both long and short signatures, is our final, recommended design.

6.3.1 Design #1: The Hardware-Intensive Approach
The conceptually simplest design would be to collect detailed latency and dependence
information for every dynamic instruction as it flows through the machine, as is done in a simulator.
The detailed information would be enough to construct all of the nodes and edges for each dynamic
instruction, such that software could easily construct the graph offline. The exact information required will depend heavily on the processor implementation. For the simulated processor used in
this paper, the information in Table 6.4 is sufficient.
Although this approach would be as accurate as constructing the graph in the simulator, it
is not reasonably implementable. The primary reason is that the density of information collection is
too great, in that too much data needs to be collected simultaneously. To measure just one latency
for every instruction would require a counter for each instruction in the machine at any one time —
and to collect all of the information in Table 6.4, many such latencies would need to be measured.
Furthermore, moving all of this information through the machine would require many wires, which
could easily cause serious routing problems.
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dependence
In-order dispatch (DD)
Finite fetch bandwidth (FBW)
Finite re-order buffer (CD)
Control dependence (PD)
Execution follows dispatch (DR)
Data dependences (PR)
Execute after ready (RE)
Complete after execute (EP)
Cache-line sharing (PP)
Commit follows completion (PC)
In-order commit (CC)
Finite commit bandwidth (CBW)

col
S
S
S
D
S
reg: S, mem: D
S
S
D
S
S
S

latencies
icache misses, itlb misses
constant latency (1 cycle)
constant latency (0 cycle)
branch recovery latency
constant pipeline latency
constant latency (0 cycle)
functional unit contention
Execution latency
constant latency (0 cycle)
constant pipeline latency
store BW contention
constant latency (1 cycle)

col
D
S
S
S
S
S
D
D
S
S
D
S

Table 6.4: How dependences and latencies are collected when constructing the graph. ’D’
stands for dynamically, ’S’ for statically. Dependences and latencies that must be determined dynamically are measured in hardware. Those that can be determined statically are inferred from the
program binary (e.g., register data dependences) or the machine description (e.g., fetch and issue
bandwidths). Besides the information above, a detailed sample also contains the PC of the instruction and the target address of indirect branches.

From this observation, we derive the most important constraint on the hardware: instructions should be profiled sparsely, in a sampling manner. This significantly reduces the amount of
hardware required, since there would need to be counters for only a single instruction currently in
the machine, as opposed to all of them. The wire count is thus dramatically reduced, with corresponding less affect on the hardware design. This design decision was also made for many current
performance counter designs as well as the most popular proposals for enhancements, e.g., ProfileMe [28].
The sparse sampling constraint does make the task much more challenging, however. Remember our goal was to construct graph fragments of the actual execution, which include the nodes
and edges representative of a sequence of dynamic instructions. How can we obtain a representation
of a sequence of dynamic instructions if we can only sample one instruction in that sequence?
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The key, of course, is to exploit the temporally locality present in software (that the same
dynamic sequences of instructions are executed over and over again). As we will show in the next
design, however, we can not exploit this characteristic in the typical manner of simply mapping measurements of static instructions back to their dynamic equivalents. Instead, a new way of thinking
about performance counters is required.

6.3.2 Design #2: One sample per static instruction
In the second design, the hardware measures only one instruction at a time and software
periodically retrieves the collected information. The software maintains a data structure indexed
by the PC of the instruction, recording each sample in its appropriate entry. Then, the software
selects a sequence of dynamic instructions from the binary (in a random sampling manner) and
constructs a graph fragment using the information collected by the hardware and stored by PC. The
assumption is that different dynamic instances of the same static instruction will exhibit similar
microarchitectural behavior, so that the graph will accurately represent actual program execution.
Unfortunately, we found that graph fragments constructed in this way are not representative: empirically, the icosts computed are typically off by a factor of two or more when compared
to those computed in the simulator. The problem is that the assumption that different dynamic
instances of an instruction exhibit similar behavior is not a good one. As an example, consider
Figure 6.8. In the first iteration of the loop, the instruction at PC 0x30 experiences an icache miss,
while on the second iteration it does not. Thus, the graph for the first iteration is different than the
graph for the second iteration, even though the same static code is executed (specifically, the DD
edge latency is different).
The obvious lesson here is that variations in the microexecution need to be distinguished
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Figure 6.8: Same static code, different microexecutions.
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in order to construct accurate graph fragments. In other words, multiple profiles for each static
instruction need to be maintained. Specifically, we should ideally maintain one profile for each
microarchitectural context, e.g., in the example above, one sample for each instruction in both (a)
an iteration with the icache miss and (b) an iteration without.
For the next two design proposals, the primary goal will be to develop an inexpensive way
to distinguish between microarchitectural contexts.

6.3.3 Design #3: Shotgun profiler, only short signatures
We distinguish between microarchitectural contexts by adding a signature to each sample
collected from the hardware. The signature distinguishes between contexts by encoding microarchitectural events and state that surrounds the single dynamic “target” instruction. Thus, each sample
consists of two things: (i) detailed latency and dependence information about the target instruction
and (ii) a signature surrounding that instruction. If the signatures of two samples match, we assume
the samples are from the same context.
The signature should uniquely identify the microexecution context while keeping the
hardware cost as low as possible. More specifically, whenever the signatures for two samples are
the same, the detailed latency and dependence information for the target instruction should also be
the same. For our design, we chose to record two bits per dynamic instruction for ten instructions
before and after the targeted instruction. The two bits are an experimentally determined hash of
microarchitectural context, specified in Table 6.5. A more detailed description of the process for
designing these bits is below.
The graph construction algorithm uses the signatures to determine which samples should
be placed side-by-side within a graph fragment. As an example, consider Figure 6.9a. Two samples
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Bit
1
2

When to set to ’1’
Set to 1 if the instruction is a (1) taken branch or (2) load or store.
Reset to 0 if L2 dcache miss.
Set to 1 if the instruction experiences a (1) L1 or L2 icache miss, (2) L1 or
L2 dcache miss, (3) tlb miss, or (4) branch mispredict.

Table 6.5: Description of signature bits. The signature bits are meant to distinguish between different microarchitectural contexts. Experimentally, we determined the above hash function produced
good results. Intuitively, the hash works well because it distinguishes between the most important
events that occur in the microprocessor. For a different processor implementation than the one assumed in our simulator, a different signature might be required, perhaps one that uses more than
two bits per dynamic instruction.

are taken; in this case, they are of two different static instructions from two iterations of the same
loop. By finding overlap among the appropriate signature bits between the two samples, we see that
they “fit” together. Thus, they come from iterations of the loop with the same context and should
be placed together in the graph fragment. By repeatedly applying this matching process, we can
construct a graph fragment of arbitrary size.
This algorithm is very similar to a popular algorithm for DNA sequencing, called shotgun
sequencing [40] (see Figure 6.9b). Due to the similarity, we refer to the general class of profilers which use signatures as shotgun profilers. There is a large space of possible algorithms and
infrastructures that exploit shotgun profiling, only a couple of which are presented in this paper.
Returning to the example of Figure 6.8, consider how a signature could help distinguish
between loop iterations with different behavior. For the first iteration of the loop, an icache miss will
appear in the signature; while in the second iteration it will not. Thus, the samples with the icache
miss will be attached together in one portion of the graph fragment while the samples without the
miss will be in another portion.
Empirically, we have found this design reduces the error by two to four times over one
that does not distinguish between different microexecution behavior. Nonetheless, the performance

112

(a) Shotgun profiling

(b) Shotgun DNA sequencing
Figure 6.9: Shotgun profiling and DNA sequencing (a) The shotgun profiler works by collecting
random “shotgun” samples that include a signature and detailed information about a single instruction. These samples are placed in a database and, offline, graph fragments are constructed by finding
overlaps among the signatures of different samples. Our design uses a signature with two bits for
each of the ten dynamic instructions before and after the target instruction. For illustration, the
figure uses a smaller signature. (b) DNA researchers face a problem similar to ours. Instead of
constructing a graph, they seek to determine the sequence of nucleotides that comprise a strand of
DNA. Their measurement apparatus, however, cannot simply observe the entire sequence at one
time. Instead, they can only observe short, random, samples of the overall sequence. Their solution
to this problem is called “shotgun” sequencing. First, many random samples are collected using
their measurement apparatus. Then, offline, the full DNA sequence is constructed by looking for
overlaps among the small fragments.
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is still far from acceptable. The reason is that error accumulates for each sample placed into the
graph, for a couple of reasons:
• Missed correlation of distant events. The context is only of nearby instructions, over a range
of twenty instructions. If, for instance, the latency of an instruction is affected by an event that
occurs forty instructions away, this correlation cannot be captured. Since modern machines
exploit parallelism across a rather large range of instructions, this effect can be significant.
• Missing samples. If an exact signature match cannot be found, the closest approximate
match is used. In our experience, the missing samples are the ones with the rarest signatures,
since they have the lowest probability to be collected. This causes rare events (e.g., branch
mispredictions) to be under-represented in the constructed graphs. Collecting more samples
would reduce the error, but considering the exponential number of possible signatures, it may
be infeasible to collect sufficiently many to eliminate the error.
To improve over this design, we need to reduce the accumulation of error. In the next
section, we do this by adding a stable microarchitectural context “skeleton” on top of which the
graph is constructed.

6.3.4 Our final solution: Shotgun profiler, long and short signatures
Our final and recommended design introduces a second type of sample to be collected by
the hardware, in addition to the one collected in design #3. The new sample is called a signature
sample and consists of a single “start” PC and the two signature bits for each of the next 2000
dynamic instructions. Signature samples are a natural way to identify correlation between distant
events, and, as we’ll show below, can also mitigate the effect of missing samples.
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The software graph construction algorithm works by first selecting a long signature sample at random, which serves as a “skeleton” for the graph to be built. (The random selection ensures
each signature sample is chosen with equal probability, which naturally gives priority to hot microexecution paths.) The goal of the algorithm is to fill in this skeleton with detailed samples to
form a latency-labeled dependence graph. A detailed sample is identical to the samples collected in
design #3 above. To construct the graph, a detailed sample is selected for each dynamic instruction
in the signature sample, where the selection is based both on a PC match and a signature match.
For example, consider building the graph nodes for the first instruction in the signature
sample of Figure 6.10. The first instruction has PC of 0x24, so we look up detailed samples with
this PC. Then, we select the one whose signature bits match the corresponding bits in the signature
sample. Finally, the nodes for this instruction are constructed from the selected detailed sample.
If no detailed samples for the PC are found at all, which empirically happens less than 2%
of the time, we infer what we can from the signature sample and the binary, using default values
for unknown latencies. For example, if bit two of the signature is set to one and we know from the
binary the instruction is a branch, we will infer that the branch was mispredicted. (In this instance,
it is possible that an icache miss occurred instead of the branch mispredict, but we would guess a
branch mispredict occurred for branch instructions.) Here, we see one advantage of the signature
sample design over design #3: the signature sample gives us some information (e.g., whether a
branch mispredict occurred) even when no matching detailed sample has been collected.
If some detailed samples are found, but none have an exact signature match, the detailed
sample with the closest match is selected. An inexact match may reduce accuracy for that selection,
but (unlike design #3) the signature sample provides a stable skeleton for future matches. Thus,
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(a) Hardware performance monitors

(b) Software graph construction
Figure 6.10: The profiler infrastructure consists of two parts. (a) Hardware performance
monitors. Our hardware performance monitors collect two types of samples: signature samples and
detailed samples. For illustration, the figure shows one signature bit per instruction and collection
of the bits for two instructions before and after each detailed sample. For greater accuracy, our
design uses two signature bits per instruction (see Table 6.5) and collects signature bits for ten
instructions before and after each detailed sample (see Figure 6.11a). (b) Post-mortem software
graph construction. The dependence graph is constructed by concatenating detailed samples, so
that the resulting graph is representative of the microexecution denoted by the signature sample.
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a single mismatch doesn’t cause error to propagate through the rest of the graph. The complete
algorithm for constructing a graph fragment is in Figure 6.11.
Randomly select a signature sample for the skeleton.
Call the starting PC in this sample the StartP C.
2. For each instruction i from StartP C to end of fragment
2a.
Get from database all detailed samples with i’s PC.
2b.
Select the detailed sample whose signature bits most closely
matches the portion of the signature sample 10 instruction
before i to 10 instructions after. The closeness of a match is
judged by the number of identical bits.
2c.
Append sample’s nodes and edges to the graph (see Fig. 6.10).
2d.
Determine PC of next instruction, i + 1 (call PC of i CurP C
and PC of i + 1 N extP C):
2d1.
If i is not a branch, N extP C ← CurP C + 4
2d2.
If i is a direct branch and signature bit 1 of i is 1,
Compute branch target and set N extP C equal to it
Else N extP C ← CurP C + 4
2d3.
If i is a call, push target PC onto stack
For returns, pop stack (if nonempty) and set N extP C to
that PC
2d4.
If i is an indirect branch, set N extP C equal to target PC in
detailed sample for i
2e.
Check for illegal signature bit/opcode combinations (see text).
1.

Figure 6.11: Algorithm for constructing a graph fragment in software.

Determining PCs
Remember that a signature sample consists solely of a start PC and the signature bits,
i.e., to reduce hardware costs the PCs of other instructions are not recorded. Thus, we need to use
some intelligence to infer the PC of each dynamic instruction in the signature sample. For direct
conditional branches, we include the branch direction in the signature bits and lookup the binary for
the target address of taken branches.
For indirect branches, we include the branch target address in the detailed samples. Assuming a signature match is a good indication of which target address an indirect branch will resolve
to, the normal matching procedure described above will yield the correct next PC. We have found,
empirically, that this procedure yields the correct target address most of the time, for 60–99% of the
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indirect branches, depending on the benchmark. (Note that this accuracy is highly dependent on the
choice of signature; other signatures, perhaps using more bits, could achieve greater accuracy.)
In the cases where the matching sample’s target address is not correct, there could be serious error in the graph fragment construction. To mitigate the error, we take advantage of the fact that
some combinations of opcodes and signature bits could never occur down a correctly determined
path. For instance, if an instruction on the long signature sample has its first bit set to one, it should
be a load, store, or branch. If the computed PC (step 2d in the algorithm) does not correspond to
one of these instruction types in the program binary, we know there is an inconsistency and abort
building the graph segment — building such a graph would lead to error in the results. We have
found that 95–100% of errant graphs are indeed discarded using this technique.
Finally, note that for return instructions whose call counterpart occurs within the graph
fragment, a stack of call addresses can provide the correct target address. If the call counterpart is
outside the graph fragment, a return is treated the same as an indirect branch.

6.3.5 Measuring profiler accuracy
In this section, we measure the accuracy of the shotgun profiler. For the baseline, we
use the multiple-simulation approach, which computes the cost of a set of events S by comparing
the execution time reported by a normal simulation to that of a simulation with all the events in S
idealized. For example, for the category labeled “bmisp+dmiss”, a simulation is run where (simultaneously) all branch mispredictions are made correct and all loads hit in the level-one cache. The
result from the multiple-simulation approach is then compared to that obtained through analysis on
the dependence graph constructed by the profiler.
We find that the profiler’s error in icost measurement is, on average, 9% off of the baseline,
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as measured via multiple simulations. From the breakdown of error sources, we found that the
modeling of the microprocessor as a dependence graph contributed more error than either the sparse
sampling or the profiler algorithm. A more thorough discussion follows below.

Discussion of category errors
Tables 6.6 and 6.7 shows breakdowns computed with the profiler relative to multiple simulations for the categories in Table 7.5(a). A couple of observations can be made from the breakdowns. First, the type of interaction (parallel or serial) is always the same with the profiler as the
multisim baseline. Second, the profiler comes very close to the multisim baseline most of the time,
typically with error less than a few percent of the overall execution time.
There are some examples, however, where the error in the icost calculation is substantial.
One category that tends to exhibit significant error for some benchmarks is the instruction window
(win). For example, for gap, the error is −11.3% and for vortex, it is −8.4%. The cause of this
error is the profiler’s inability to completely accurately idealize the instruction window. Specifically,
since the graph fragments constructed by the profiler are of finite size, it is not possible to accurately
model a very large instruction window — needed when performing the idealization. Thus, the
effective window size modeled by the profiler for idealization purposes will be smaller than that of
the simulator, and thus it will likely under-predict the window’s cost. This error could be reduced
by increasing the size of the graph fragments constructed.

Sources of error
In Table 6.8 we attempt to understand the sources of error in the profiler. To this end, the
breakdowns of Table 7.5(a) are computed in four different ways. multisim is the baseline, as above.
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dl1
win
bw
bmisp
dmiss
shalu
lgalu
imiss
dl1+win
dl1+bw
dl1+bmisp
dl1+dmiss
dl1+shalu
dl1+lgalu
dl1+imiss

multisim
20.3
15.9
6.5
37.3
23.3
8.9
0.3
0.0
-4.8
6.9
-9.1
-0.8
-3.5
-0.2
0.0

profiler
23.2
15.5
3.9
38.3
23.5
10.0
0.3
0.2
-5.2
5.9
-9.6
-0.7
-4.3
-0.3
0.0

error
+2.9
-0.4
-2.5
+1.1
+0.2
+1.1
+0.0
+0.2
-0.5
-1.2
-0.4
+0.1
-0.8
-0.1
+0.0

multisim
23.4
17.3
8.7
26.0
6.9
10.7
0.7
0.7
-11.5
10.0
-4.9
-0.4
-4.0
0.3
0.0

crafty
profiler
24.2
15.4
6.7
24.1
6.5
11.2
0.8
0.2
-11.7
10.5
-4.2
-1.3
-4.5
0.2
0.0

dl1
win
bw
bmisp
dmiss
shalu
lgalu
imiss
dl1+win
dl1+bw
dl1+bmisp
dl1+dmiss
dl1+shalu
dl1+lgalu
dl1+imiss

multisim
12.6
41.2
4.1
11.3
22.6
13.8
5.3
1.3
-6.3
3.0
-2.9
0.4
-0.3
-0.2
0.3

gap
profiler
12.6
29.9
2.4
11.4
21.8
11.2
5.7
0.9
-6.1
3.3
-2.7
0.3
-2.1
-0.5
0.4

error
+0.0
-11.3
-1.7
+0.1
-0.8
-2.6
+0.4
-0.4
+0.2
+0.3
+0.2
-0.1
-1.8
-0.3
+0.1

multisim
17.4
14.4
9.0
23.9
25.5
5.4
0.6
2.1
-4.1
10.9
-6.3
-0.9
-2.1
-0.5
0.3

gcc
profiler
17.0
13.0
7.1
21.5
27.7
4.7
0.2
1.4
-3.5
12.4
-5.4
-1.4
-1.4
-0.2
0.2

bzip

error
+0.8
-1.9
-2.0
-1.9
-0.4
+0.5
+0.1
-0.5
-0.2
+0.5
+0.7
-0.9
-0.5
-0.1
-0.0
error
-0.4
-1.4
-1.9
-2.4
+2.2
-0.7
-0.4
-0.7
+0.6
+1.5
+0.9
-0.5
+0.7
+0.3
-0.1

multisim
17.0
18.2
10.5
14.2
0.8
4.5
12.6
9.2
-7.7
6.9
-3.8
-0.2
-0.6
-0.5
1.3

eon
profiler
17.7
15.2
6.6
14.4
0.6
5.2
12.1
8.7
-7.2
6.8
-3.9
-0.3
-1.0
-0.8
1.0

error
+0.7
-3.0
-3.9
+0.2
-0.2
+0.7
-0.5
-0.5
+0.5
-0.1
-0.1
-0.1
-0.4
-0.3
-0.3

multisim
29.9
14.7
6.6
23.8
8.1
18.9
0.5
0.1
-9.3
6.2
-3.6
-0.2
-7.6
-0.5
-0.0

gzip
profiler
31.7
13.1
5.5
23.4
7.8
20.7
0.5
0.0
-9.6
5.7
-3.1
-1.3
-9.4
-0.5
-0.0

error
+1.8
-1.6
-1.1
-0.4
-0.3
+1.8
+0.0
-0.1
-0.3
-0.5
+0.5
-1.1
-1.8
-0.0
+0.0

Table 6.6: Measuring accuracy of profiler. Continued in Table 6.7.
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dl1
win
bw
bmisp
dmiss
shalu
lgalu
imiss
dl1+win
dl1+bw
dl1+bmisp
dl1+dmiss
dl1+shalu
dl1+lgalu
dl1+imiss

multisim
7.1
4.8
0.6
25.3
80.8
1.4
0.0
-0.0
-0.0
0.4
-2.3
-0.4
-0.2
0.0
0.0

mcf
profiler
7.4
4.3
0.4
25.1
79.0
1.4
0.0
-0.0
-0.1
0.3
-2.3
-0.5
-0.1
0.0
0.0

error
+0.3
-0.5
-0.2
-0.2
-1.8
+0.0
+0.0
+0.0
-0.1
-0.1
-0.0
-0.1
+0.1
-0.0
+0.0

multisim
17.9
17.1
4.0
15.8
32.1
17.9
0.1
0.1
-6.3
4.9
-2.5
-0.9
-4.1
-0.1
-0.0

parser
profiler
19.1
13.2
3.0
14.9
28.1
17.1
0.1
0.1
-6.2
4.9
-2.4
-1.7
-4.9
-0.0
-0.0

error
+1.2
-3.9
-1.0
-0.9
-4.0
-0.8
-0.0
+0.0
+0.1
-0.0
+0.1
-0.8
-0.8
+0.1
+0.0

multisim
30.7
6.2
10.3
35.4
1.3
7.4
0.7
5.3
-5.9
9.9
-8.4
-0.1
-2.2
-0.7
1.0

perl
profiler
31.3
5.6
8.1
38.0
0.8
8.2
0.6
2.7
-5.4
9.7
-8.2
-0.1
-2.0
-0.5
0.6

error
+0.6
-0.6
-2.2
+2.6
-0.6
+0.8
-0.1
-2.6
+0.5
-0.2
+0.2
-0.0
+0.2
+0.2
-0.4

dl1
win
bw
bmisp
dmiss
shalu
lgalu
imiss
dl1+win
dl1+bw
dl1+bmisp
dl1+dmiss
dl1+shalu
dl1+lgalu
dl1+imiss

multisim
17.1
24.2
4.5
22.2
34.3
7.7
4.2
0.1
-3.6
1.7
-5.8
-0.1
-0.5
-0.0
-0.0

twolf
profiler
19.2
22.3
3.5
22.6
34.3
7.7
4.2
0.0
-4.5
1.5
-5.8
-1.9
-0.3
-0.1
-0.0

error
+2.1
-1.9
-1.0
+0.4
-0.0
-0.0
+0.0
-0.1
-0.9
-0.2
+0.0
-1.8
+0.2
-0.1
+0.0

multisim
27.4
42.8
8.0
1.5
19.8
3.9
1.5
3.3
-25.7
17.7
-0.2
-1.6
-3.3
-1.2
0.5

vortex
profiler
30.4
34.4
5.3
0.8
18.7
5.4
1.5
0.9
-27.0
17.7
-0.1
-1.2
-4.7
-1.3
0.1

error
+3.0
-8.4
-2.7
-0.7
-1.1
+1.5
-0.0
-2.4
-1.3
+0.0
+0.1
+0.4
-1.4
-0.1
-0.4

multisim
18.5
22.9
5.9
23.4
32.5
7.3
4.1
0.0
-6.2
1.9
-4.6
-1.4
-1.5
-0.3
0.0

vpr
profiler
20.3
21.9
4.4
23.1
32.1
8.2
4.0
0.0
-6.9
2.1
-4.4
-2.2
-1.9
-0.6
0.0

error
+1.8
-1.0
-1.5
-0.3
-0.4
+0.9
-0.1
-0.0
-0.7
+0.2
+0.2
-0.8
-0.4
-0.3
+0.0

Table 6.7: Measuring accuracy of profiler. (Continued from Table 6.6.) Validation was performed on the same CPI contribution breakdown (with results expressed in percent of total CPI)
as in Table 7.5(a). The multisim column shows the value for each category computed through the
multiple simulation approach. This serves as the baseline for measuring accuracy. The profiler column shows the values the profiler computed, while the error column is the difference between the
profiler and multisim. The single largest percent error (considering categories greater than 5%) for
each benchmark is in bold.
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multisim→fullgraph
fullgraph→graphfrag
graphfrag→profiler
multisim→fullgraph
multisim→graphfrag
multisim→profiler

bzip
11.1
3.6
4.9
11.1
12.9
11.1

crafty
7.0
2.8
3.4
7.0
7.8
7.8

eon
9.1
3.5
2.3
9.1
11.0
9.5

gap
8.4
3.2
3.7
8.4
8.9
8.9

gcc
8.6
3.1
10.6
8.6
9.5
11.7

gzip
14.3
2.1
3.9
14.3
13.9
9.3

mcf
2.2
0.2
0.1
2.2
2.4
2.5

parser
4.9
3.3
2.1
4.9
6.9
9.0

perl
7.9
2.9
5.4
7.9
9.8
12.6

twolf
5.1
2.4
3.4
5.1
6.0
3.7

vortex
9.7
4.0
4.6
9.7
13.0
12.4

Table 6.8: Sources of errors for the shotgun profiler. The breakdowns of Table 7.5(a) were
computed four ways to better understand the sources of error in the profiler. multisim is the
breakdown computed via multiple simulations; it serves as the baseline for comparison. fullgraph
indicates the dependence graph of the entire program was used, as in Section 7.3.1; graphfrag
is the breakdown computed assuming the graph fragments constructed by the profiler were perfect; and profiler is the breakdown as computed on the imperfect graph fragments actually constructed by the profiler (described in Section 6.3). The numbers presented are the average percent difference in the categories (excluding categories under 5%) between the two schemes in the
first column of each row. For instance, the multisim→fullgraph row is determined by computing
abs(multisim−fullgraph)/(multisim) for each category over 5% and averaging the results. Note
that the multisim→profiler row is the total error for the profiler.
fullgraph is the breakdown computed with the dependence graph of the entire program, just as was
done for the results of Section 7.3.1. graphfrag is the breakdown computed assuming the graph
fragments constructed by the profiler were perfect (i.e., exactly as they exist in the full graph), and
profiler is the breakdown as computed on the imperfect graph fragments actually constructed by the
profiler (using the signature-based algorithm).
The first series of measurements examines the accuracy of each step of the full profiling
scheme. multisim→fullgraph is the error introduced by modeling the machine as a dependence
graph, as opposed to using a detailed simulator. Typically, this error is less than 10%; but, nonetheless, it does often contribute the largest fraction of the overall error of the profiler. It can potentially
be reduced by increasing the detail of the model to include currently unmodeled aspects of the
microarchitecture, such as contention for memory busses.
The fullgraph→graphfrag row shows the error caused by measuring the breakdowns using only a relatively small number of graph fragments as opposed to the entire graph. This sampling

vpr
9.0
2.4
5.0
9.0
9.4
9.2
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error is a significant component of the overall error for some benchmarks, e.g., vortex. The good
news here is that this error can be reduced by simply running the program longer to collect more
samples.
The graphfrag→profiler row shows the error introduced by the profiler’s signature-based
algorithm for constructing graph fragments. The error is due to two factors: (1) the signature not
being sufficient to identify the correct detailed sample to paste into the graph and (2) a signaturematching detailed sample not being in the database. The second error factor can be reduced by
simply collecting more samples, while the first requires some redesign of the signature bits.
For most benchmarks, the signature-based algorithm contributes only a modest amount
to the error, typically less than 5%. An exception is gcc, with an error of 10.6%. Upon closer
inspection, we found that this large error is primarily due to the target address of indirect branches
not being determined correctly, leading to many graphs being discarded (see Section 6.3.4). One
way to reduce the error would be to construct smaller graph fragments, so that the probability of
encountering a difficult indirect branch in any one fragment is reduced. We found that reducing the
fragment size from 2000 to 1000 reduced the error to 5.1% (but, averaged over all benchmarks, the
larger size improved accuracy). Another method would be to enhance the signature to improve its
ability to distinguish indirect branch targets, e.g., by adding an additional bit that is set equal to one
of the bits of the PC.
The second series of measurements shows the error of three of the breakdown computations — fullgraph, graphfrag, and profiler — relative to multisim. The purpose of these measurements is to show how each individual source of error contributes to the overall error of the profiler.
Notice that the overall error is not always monotonically increasing as each new source of error is in-
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cluded. For example, the multisim→graphfrag error for eon is 11.0%, while the multisim→profiler
error is less, 9.5%. The reason is that the error introduced at each stage could be positive or negative,
independent of the direction of errors at previous stages. Thus, it is statistically likely that the errors
will compensate sometimes. In the case of the example, for eon, the graphfrag→profiler error was
mostly in the opposite direction of the errors in the previous two stages.
The overall error for the profiler is shown in the last row of Table 6.8, labeled multisim→profiler. The range of errors for the benchmarks is from 3% (for mcf ) to 13% (for perl), with
the average error being 9%. Since the ability to compute costs and icosts from hardware profiles is
qualitatively new, standards for accuracy have not been set; but an error of 9% seems small enough
to perform meaningful analysis. If a smaller error is desired, increasing the precision of the graph
model appears to offer the greatest opportunity for improvement.

6.4 Summary
In this section, we have discussed hardware mechanisms for (1) detecting criticality and
slack, (2) predicting the criticality and slack of future instructions based on past detections, and
(3) a profiler designed to overcome the limitations of performance counters by providing insights
into how parallelism affects program performance. The slack and criticality predictors are designed
for quick “turnaround”: the characteristics are quickly detected and recorded for use later in the
same program run. The profiler, however, collects information during a program run for offline
graph analysis. It may be possible to use the result of the analysis in the same program run that the
information was collected (e.g., via a dynamic optimization system), but, in any case, the turnaround
time is much longer. The gain from the profiler is the much more powerful analysis that it provides
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over the purely hardware predictors (e.g., computation of interaction costs). Thus, as we will see in
the next chapter, the types of applications that can make use of the slack and criticality predictors
have a very different nature than for the profiler.
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Chapter 7

Applications of Criticality
In this chapter we discuss how the criticality metrics, hardware, and software algorithms
can be put to practical use — improving performance, saving energy, and reducing the amount of
human effort required in both hardware and software design. To organize the discussion, we divide
the application space into three broad categories:
• Hardware Control Policies. Criticality can be very useful in dynamic optimizations by providing intelligent policies for resource arbitration, speculation control, and combating energy
and wire delay constraints.
• Hardware Design. The ability to produce complete breakdowns of performance, including
the contribution to performance of each hardware resource and the interactions between them,
can reveal tradeoffs designers did not know even know existed.
• Software Optimization and Design. Criticality can point to the most expensive portions of
code that need optimization — for example, the most expensive loads to prefetch, the most
expensive branches to predicate, and the procedures that could benefit the most from dynamic
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code modifications. Moreover, the ability to quickly model the effects of software modifications without actually performing them allows software writers to test out the performance
of many different organizations (which is especially important when writing multithreaded
programs).

Since the goal of this chapter is to illustrate the many practical uses criticality can have in
the real world, we intermix our work with that of others (most of which built upon our foundation).
It will be made clear where credit resides for each effort.

7.1 Simulation Methodology
The simulator we used is built upon the SimpleScalar tool set [18] with the majority of
the timing model rewritten to better reflect possible next generation microarchitectures. The baseline configuration for the experiments is described in Figure 7.1. Alterations to this configuration
are made for particular experiments (e.g., clustered machines) and are mentioned along with the
results. We used the SPEC2000int suite as optimized Alpha binaries using reference inputs. Since
the reference input runs are too long for practical simulation, and some of our simulations/analyses
are very demanding, we performed detailed timing simulation for only a 100 million dynamic instruction segment of each binary. To avoid simulating only initialization code, we skipped the first
eight billion dynamic instructions. The caches were then warmed up (over 500 million instructions)
before beginning the 100 million instruction detailed simulation run.
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Dynamically
Scheduled Core
Branch Prediction
Memory System

Functional Units
(latency)

128-entry instruction window, 6-way issue, 15-cycle pipeline, perfect memory disambiguation,
fetch stops at second taken branch in a cycle.
Combined bimodal (8k entry)/gshare (8k entry) predictor with an 8k meta predictor,
4K entry 2-way associative BTB, 64-entry return address stack.
32KB 2-way associative L1 instruction and data (2 cycle latency) caches,
shared 1 MB 4-way associative 12-cycle latency L2 cache, 100-cycle memory latency,
128-entry DTLB; 64-entry ITLB, 30-cycle TLB miss handling latency.
6 Integer ALUs (1), 2 Integer MULT (3).
4 Floating ALU (2), 2 Floating MULT/DIV (4/12), 3 LD/ST ports (2).
Table 7.1: Baseline configuration of simulated processor.

7.2 Hardware Control Policies
Much of research into computer architecture focuses on new hardware mechanisms to
improve performance — for example trace caches, grid processors, and larger instruction windows.
We, instead, focus on the policies that enable these structures to perform well — e.g., replacement
policies for trace caches, scheduling policies for grid processors, and policies for deciding which
instructions should be allocated slots in the window. Typically, these policies are designed in an
ad-hoc manner using heuristics that are tuned over particular benchmarks. Our goal is to develop
policies based on criticality analysis that dynamically match the policy to the needs of whatever
program is running. We explore three categories of policies:

• Resource Arbitration. Criticality can be used to decide which instructions should be allocated
scarce resources, i.e., issue slots in an out-of-order processor. Resource arbitration is especially important in the distributed and non-uniform processor architectures being proposed to
deal with technological constraints, such as increasing wire delays and energy dissipation.
• Speculation Control. Criticality indicates which events could benefit from speculation and
which cannot. Since speculation involves overhead and the risk of mis-speculation, intelli-
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gently deciding which predictions to make can improve performance. Furthermore, avoiding
the risk of misspeculation when little reward is possible reduces the extra energy dissipated
by work that must later be squashed.
• Dynamic Hardware Reconfiguration. A popular way to reduce energy dissipation, as well as
adjust the allocation of hardware resources to meet program demands, is to reconfigure the
hardware at runtime.

7.2.1 Resource Arbitration
Resource arbitration is useful whenever there is contention for scarce resources within the
processor. This occurs not only when there are fewer resources than desired, e.g., 3 adders when
4 add instructions are ready to execute, but also when resources are available at different “quality
levels”, e.g., a fast instruction window versus a slow one. Sometimes the resources are at effectively
different quality levels even when they are designed identically. For example, in an instruction-level
distributed processor, resources close to each other are at a higher quality level than those far apart.
Our primary investigation with using criticality for arbitration was with instruction-level
distributed processing (ILDP) [98]. ILDP is important primarily for two reasons: (1) increasing wire
delays relative to logic make distributing the architecture a necessity and (2) distributed architectures
often have less energy dissipation than their monolithic equivalents. The reasons for the less energy
dissipation is that (1) many hardware structures have power requirements that grow quadratically
with their size and (2) distributing instruction processing structures enables some portions of the
machine to run at different frequencies than other portions.
For our case study, we explore applying criticality to control policies of a modest instance
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of ILDP where the instruction window is distributed. Microarchitectures employing simple variations on this design already exist and more advanced versions will likely exist in the near future. In
the first set of experiments, we use criticality to steer instructions to the most appropriate cluster,
where each cluster contains a portion of the machine’s instruction window and functional units.
The goal in the steering policy is to reduce the effective performance penalty due to inter-cluster
communication. We also use criticality for resource arbitration within each cluster, since distributing the functional units will inevitably lead to greater load imbalance and hence greater contention.
Together, the criticality-based policies improved performance by up to 21% (10% on average) over
the standard register-dependence based policies.
The second set of experiments uses criticality to reduce energy dissipation. The microarchitecture explored has two clusters, one of which is faster (higher quality) than the other. The
slower cluster requires less power due to the quadratic relationship between power and clock frequency. Thus the goal is to steer as many instructions to the slow cluster as possible without reducing
performance. Slack is a perfect fit for this task since those instructions that have enough slack to
afford the slower execution should be steered to the slower cluster. Our slack-based policies reduced
the 12–15% performance loss incurred using pre-existing policies to a negligibly small amount.
To illustrate other resource arbitration applications of criticality, we also discuss two related works produced by other researchers. One uses criticality to control a non-uniform cache
architecture, where one cache has a higher latency than another. A second study uses slack to more
efficiently allocate scarce instruction window slots to instructions as required to maximize performance (as opposed to the normal program-order policy).
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Criticality in a Uniform ILDP Architecture
Focused instruction scheduling and steering are optimizations that use the critical path to
arbitrate access to contended resources (scheduling) and mitigate the effect of long latency intercluster communication (steering). The scheduling and steering are focused in the sense that they
directly target the computation that needs to be sped up, as opposed to applying the same policies
to all computation. Our experiments show that the two optimizations improve the performance of
a next-generation clustered processor architecture by up to 21% (10% on average), with focused
instruction scheduling providing the bulk of the benefit.

The Problem.

The complexity of implementing a large instruction window with a wide issue

width has led to proposals of designs where the instruction window and functional units are partitioned, or clustered [10, 32, 58, 69, 82]. Clustering has already been used to partition the integer
functional units of the Alpha 21264 [46]. Considering the trends of growing issue width and instruction windows, future high-performance processors will likely cluster both the instruction window
and functional units.
Clustering introduces two primary performance challenges. The first is the latency to
bypass a result from the output of a functional unit in one cluster to the input of a functional unit in
a different cluster. This latency is likely to be increasingly significant as wire delays worsen [69]. If
this latency occurs for an instruction on the critical path, it will add directly to execution time.
The second potential for performance loss is due to increased functional unit contention.
Since each cluster has a smaller issue width, imperfect instruction load balancing can cause instructions to wait for a functional unit longer than in an unclustered design. If the instruction forced to
wait is on the critical path, the contention will translate directly to an increase in execution time.
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Furthermore, steering policies have conflicting goals in that a scheme that provides good load balance may do a poor job at minimizing the effect of inter-cluster bypass latency.
The critical path can mitigate both of these performance problems. First, to reduce the effect of inter-cluster bypass latency, we perform focused instruction steering. The goal is to incur the
inter-cluster bypass latency for non-critical (as opposed to critical) instructions where performance
is less likely to be impacted. The baseline instruction steering algorithm for our experiments is the
industry-standard register-dependence heuristic. This heuristic assigns an incoming instruction to
the cluster that will produce one of its operands. If more than one cluster will produce an operand
for the instruction (a tie), the producing cluster with the fewest instructions is chosen. If all producer
instructions have finished execution, a load balancing policy is used where the incoming instruction
is assigned to the cluster with the fewest instructions. In comparison to previous work, this policy is
similar to the scheme used by the highly regarded distributed instruction window work of Palacharla
et al. [69]. Our focused instruction steering optimization improves the baseline heuristic in how it
handles ties: if a tied instruction is critical, it is placed into the cluster of its critical predecessor.
This optimization was also performed by Tune et al. [110].
Second, to reduce the effect of functional unit contention, we evaluated focused instruction scheduling, where critical instructions are scheduled for execution before non-critical instructions. The goal is to add contention only to non-critical instructions, since they are less likely to
degrade performance. The oldest-first scheduling policy is used to prioritize among critical instructions, but our experiments found this policy does not have much impact due to the small number
of critical instructions. The baseline instruction scheduling algorithm gives priority to long latency
instructions. Our experiments found this heuristic performed slightly better than the oldest-first
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Figure 7.1: Critical path scheduling decreases the penalty of clustering. (a) The token-passing
predictor improves instruction scheduling in clustered architectures (8-way unclustered; two 4-way
clusters; and four 2-way clusters are shown). As the number of clusters increases, critical-path
scheduling becomes more effective. (b) Results for four 2-way clusters using both focused instruction scheduling and steering shows that the heuristic-based predictors are less effective than the
token-passing predictor.
scheduling policy.

Experiments.

The improvements due to focused instruction scheduling and focused instruction

steering are shown in Figure 7.1(a) for three organizations of an 8-way issue machine: unclustered,
two clusters, and four clusters. The execution time is normalized to the baseline machine (unclustered without any focused optimizations). We find that:

• On an unclustered organization, the critical path-based policy produces a speedup of as much
as 7% (3.5% on average).
• On a 2-cluster organization, the critical path turns an average slowdown of 7% to a small
speedup of 1% over the baseline. This is a speedup of up to 17% (7% on average) over
register-dependence steering alone.
• On a 4-cluster organization, the critical path reduces performance degradation from 19%
to a much more tolerable 6% degradation. Measured as speed up over register-dependence
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steering, we improve performance by up to 21% (10% on average).
From these results, we see that the token-passing predictor is increasingly effective as the
number of clusters increases. This is an important result considering that technological trends may
necessitate an aggressive next-generation microprocessor, such as the one we model, to be heavily
partitioned in order to meet clock cycle goals [2].
From Figure 7.1(a) we also see that focused instruction scheduling provides most of the
benefit. We believe this is because focused instruction steering uses the critical path only to break
ties, which occur in the register-dependence steering heuristic infrequently. Nonetheless, a few
benchmarks do gain significantly from the enhanced steering, e.g.,, gzip gains 3% and galgel gains
14%.

Comparison to Prior Work.

An alternative to focused instruction scheduling is to use a steering

policy that prevents load imbalance that might lead to excessive functional unit contention, decreasing the importance of instruction scheduling within a cluster. We implemented several such
policies, including the best performing non-adaptive heuristic (MOD3) studied by Baniasadi and
Moshovos [10]. MOD3 allocates instructions to clusters in a round-robin fashion, three instructions
at a time. While these schemes sometimes performed better than register-dependence steering,
register-dependence performed better on average in our experiments. Most importantly, registerdependence steering with focused instruction scheduling always performed better (typically much
better) than MOD3.
In Figure 7.1(b), we compare the token-passing predictor to the two heuristics-based predictors described in Section 6.1.2 (oldest-uncommitted and oldest-unissued) performing both focused instruction scheduling and focused instruction steering on a 4-cluster organization. Clearly,

134
neither heuristics-based predictor is consistently effective, and they even degrade performance for
some benchmarks (e.g.,, for vortex, perl, and crafty). Our conjecture is that instruction scheduling
optimizations require higher precision than heuristics can offer.
Note that even for galgel, where the oldest-unissued scheme compared favorably to the
token-passing predictor in Section 6.1.2, Figure 7.1(b), the token-passing predictor produces a larger
speedup. Upon further examination, we found that (across the benchmarks) the oldest-unissued
predictor’s accuracy degrades significantly after focused instruction scheduling is applied. This
may be due to the oldest-unissued predictor’s inherent reliance on the order of instructions in the
instruction window. Since scheduling critical instructions first changes the order of issue such that
critical instructions are unlikely to be the oldest, the predictor’s performance may degrade as the
optimization is applied. In general, a predictor based on an explicit model of the critical path, rather
than on an artifact of the microexecution, is less likely to experience this sort of interference with a
particular optimization.
In summary, it is worth noting that the significant improvements seen for scheduling execution resources speak well for applying criticality to scheduling other scarce resources, such as
ports on predictor structures or bus bandwidth. In general, the critical path can be used for intelligent
resource arbitration whenever a resource is contended by multiple instructions. The multipurpose
nature of a critical-path predictor can enable a large performance gain from the aggregate benefit of
many such simple optimizations.

Criticality in a Non-uniform ILDP Architecture
In this section, we evaluate the success of slack in guiding a non-uniform control policy. Since the design of the underlying machine is largely dependent upon the characteristics of the
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workload, we start our exploration with a characterization of the slack available in our benchmark
suite. We use this characterization to define an aggressively non-uniform (power-aware) microarchitecture whose non-uniformities can be effectively hidden by employing a slack-based control policy.
We compare our slack-based policy with several policies based on existing control techniques and
discover that slack is remarkably more successful at hiding the performance penalties that arise due
to non-uniform resources.

Slack Characterization.

As discussed in Chapter 4, there are three notions of slack that might

be relevant to non-uniform architecture design: local, global, and apportioned. Local slack is the
easiest to measure in hardware, since it involves simply measuring the difference in arrival times of
two events at a node (e.g., for the instruction ADD ← R1, R2, how many cycles sooner was R1
ready than R2?). In contrast, global and apportioned slack involve a propagation-style analysis, for
which we would employ the token-passing analyzer. So, one of the goals of the characterization
will be to determine if local slack is sufficient for driving control policies. Another will be to
gain information as to how to design a non-uniform microarchitecture to match the needs of the
workload. For simplicity, we only look at the slack characteristics of E nodes for this study.
To start off, Figures 7.2(a)-7.2(c) plot the local, global and apportioned slack found in
gcc, gzip, and perl, respectively. These three benchmarks were chosen because they illustrate the
two extreme results (gcc and gzip) and a typical result (perl) from the full set of measurements we
performed.
Local and global slack. The slack measurements reported in the charts should be interpreted as follows: for each data point (x, y), y% of (dynamic) instructions have x or more cycles of
slack. In gcc, for instance, approximately 36% of instructions have local slack of five or more cy-
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cles. In general, we observe that relatively few instructions contain local slack that is large enough
to be exploitable: on average only about 20% of instructions have local slack of five or more cycles.
At the same time, we notice that a small number of instructions contain extremely large local slack
(in gzip, about 2% of instructions have more than 80 cycles of local slack). This large local slack is
promising because a single instruction is unlikely to be able to exploit it all, allowing us to apportion
it to instructions without enough local slack.
Note that, while the figures only show local slack for the execution of instructions (E
nodes in our model), other micro-operations associated with an instruction may also exhibit local
slack. For instance, we may be able to delay the commit of an instruction (represented by C nodes
in our model) without delaying any other instructions. Since our dependence-graph model accounts
for this commit micro-operation, we can also apportion this local slack to other instructions.
To determine to what extent large local slacks can be used by neighboring instructions, we
examine global slack. Since the global slack of an instruction is the accumulation of all local slacks
that could be “stolen” from other instructions, observing a lot of global slack on many instructions
would speak well for the potential for exploitation, since this would mean that lots of local slack
is “freely movable” across the microexecution. Indeed, this is the case: about 40% of instructions
have more than 50 cycles of global slack. The key question now is what fraction of this global
slack remains if we spread it out across neighboring instructions. We answer this question using
apportioned slack.
Apportioned slack. To calculate apportioned slack, we must first decide on the apportioning strategy. Let us first consider giving x cycles of slack to as many instructions as possible. The
amount of such apportioned slack is shown along with local and global slack in Figures 7.2(a)-7.2(c)
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for a range of values of x.
Again, the experiments present good news: not only does the microexecution contain a lot
of apportionable local slack (which we knew from global slack measurements), but this slack is also
able to satisfy many instructions: on average, 75% of instructions can be apportioned slack of five
cycles. Even in the least slackful benchmark, gzip, there are 64% of instructions that have 5 cycles
of slack. This means, for instance, that most instructions can tolerate long-latency communication
across a chip without hurting performance—as long as the delayed instructions are chosen wisely
(i.e, with a good slack predictor and a good policy).
Of course, the above apportioning strategy does not reflect all the non-uniformities that a
control policy may have to tolerate. For instance, another interesting question is how many loads
can tolerate a long latency to the L1 data cache, a concern of wire-constrained designs such as the
Grid Architecture [86]. To maximize slack on loads, we modify the above apportioning strategy
such that no slack is apportioned to non-load instructions. Figure 7.2(d) reports the results of such
an apportioning. We see that a remarkable number of loads could tolerate a long-latency L1 data
cache hit. Namely, there are more than 65% of load instructions with a slack of 12 cycles, enough
to tolerate an L2 hit. Together, the data suggest an opportunity to build selective L1-cache bypasses.
Breakdown of slack per opcode. In Figure 7.3, we examine how much apportioned slack
is available to instructions of various types. The figure computes the breakdown for the two apportioning strategies described in Section 4.3.2: five-cycles-per-instruction and latency-plus-one-cycle.
The figure classifies instructions into four categories: loads, stores, integer operations, and floatingpoint operations. (Note that our simulator discards all NOP instructions after fetch, and, thus, they
are not included in any of the slack measurements.)
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Figure 7.3 leads to several conclusions about what types of non-uniformities can be tolerated with slack.
• Most instructions (on average, greater than 75%) have enough slack to tolerate doubling their
latency. This means we can run most functional units at half-speed without losing performance, provided we are successful at predicting which instructions have slack. This result is
good news for the fast/slow pipelines microarchitecture we study in the next section.
• A large percentage of instructions of each type can have their latency doubled; this holds even
for longer latency floating-point operations.
• There is no instruction type which nearly always has slack. Thus, a machine design that
simply makes all functional units of a particular type slower is likely to degrade performance.

The Non-uniform Architecture.

Based on the conclusions of the slack characterization, we came

up with microarchitecture pictured in Figure 7.4. In this design, the microarchitecture is divided
into two pipelines, with each pipeline consisting of half of the instruction window, issue logic, and
functional units; and a copy of the register file. The design saves power by running one pipeline at
half frequency, exploiting the (approximate) relationship P ∝ F V 2 between power P , voltage V
and frequency F . By halving the frequency, we can reduce voltage enough that the overall power
consumption is reduced roughly to a fourth (P ∝ F 2 ). (Note that reducing the frequency of such
a large portion of the pipeline is a more aggressive power-aware design than one that only reduces
the speed of the functional units.)
We find that by employing a slack-based control policy, we can keep performance loss
due to reducing the frequency of one cluster to 3-4%, which is many times better than the best
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non-slack based scheme. Furthermore, if we are willing to spend more area, we can add an extra
slow cluster to completely eliminate any performance degradation while still maintaining most of
the power benefits.

Control Policies

At a first glance, it may seem that reducing the frequency on one pipeline intro-

duces only one kind of non-uniformity. The reality is that in our design we need to deal with three
forms of non-uniformity:
1. The execution latencies of functional units in the slow pipeline will be twice as large as those
in the fast pipeline.
2. The bypass latency between the two pipelines will be longer than the intra-pipeline bypass
latency, due to not only the physical distance but also due to crossing voltage domains.
3. The effective issue bandwidth of the slow pipeline will be half of the bandwidth of the fast
pipeline, because the slow pipeline issues instructions every other fast cycle. This reduction
in issue bandwidth manifests itself as increased contention (which happens to be the hardest
constraint to deal with).
The important consequence of the third point is that frequency reduction reduces the effective bandwidth of the entire machine. This observation is important because it sets the correct expectation on
the control policy: when a workload is bandwidth-limited (i.e., exhibits high IPC rate), no control
policy will be able to avoid the performance penalty.
To attack the above three non-uniformities, we design a slack-based policy that controls
two machine aspects:
• Instruction steering, which determines into which pipeline a dynamic instruction is sent.
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• Instruction scheduling, which determines which of the data-ready instructions in a pipeline
are executed.
We assume that the steering decision is performed before any scheduling decisions are carried out.
Our slack-based policy employs four bins, as introduced and motivated in Section 6.2.
These four bins control to which pipeline an instruction will be steered, and also how the instruction
will be scheduled within the pipeline (see Table 7.3). Note that we also experimented with twobin policies (which performed steering but no slack-based scheduling), but the four-bin scheme
performed up to 5% better.
To assign a slack bin to each static instruction, our slack policy uses a 4K-entry array of
6-bit saturating counters, indexed by PC. The counter is decremented by one if the slack sampling
(see Section 6.2) detects that the instruction can tolerate a given pipeline and a given scheduling
policy (i.e., is slackful enough for the pipeline/scheduling combination). The instruction is moved
to a lower-numbered bin when the counter reaches zero and to a higher-bin if it is detected that it
does not have enough slack for the given bin.
For best performance, we need to maintain a relative balance of instructions in each bin.
For the fast/slow clusters application, we want approximately a third to a half of the instructions to
be sent to the slow cluster and the rest to the fast (considering the steady-state execution bandwidth
provided by the slow cluster is one half that of the fast). Furthermore, we want a fairly small
percentage of instructions to have high-priority and be scheduled first in each cluster. If too many
are scheduled first, the benefit of the optimization is diminished.
To maintain the desired balance, the hysteresis is specially designed for each bin. In order
to have fewer instructions reside in a particular bin, we use hysteresis to make it more difficult
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Name

Reg-Dependence

Fast-first Window

Fast-first Ready

Policy
Perform load balancing if one pipeline
is four times as full as another.
Otherwise, steer instruction to pipeline
that will produce one or more of its
inputs. Steer to least-filled pipeline
if all operands are ready
Send instructions to the fast pipeline
until its window becomes half full, then
apply register-dependence steering.
Send instructions to fast pipeline until
there were more ready instructions then
issue slots over the last 5 cycles. Then,
apply register-dependence steering.

Table 7.2: Baseline policies for controlling fast/slow pipeline microarchitecture.
to transition into that bin. For the fast/slow clusters application, the hysteresis used is shown in
Table 7.3.
To avoid extreme load imbalance between the two clusters (which happens when too
many instructions are detected as slackful, overloading the slow cluster), our policy occasionally
overrides the the slack-based steering to correct the imbalance. Load balancing is invoked under
the following condition: If the slow instruction window contains four times as many instructions
as the fast window, the incoming instruction is sent to the fast cluster. Load balancing never steers
instructions to the slow cluster.
We compare our slack-based policy to several policies based on existing (non-slack-based)
control techniques. While we experimented with many such policies, we only present three that
performed best (see Table 7.2). The first is a simple register-dependence steering policy, while
the other two “favor” the fast pipeline over the slow one in that instructions are steered to the fast
pipeline until some condition is met. We also evaluate the use of the ALOLD criticality predictor
from Tune, et al. [110], as a replacement for the token-passing criticality analyzer [34] in the slack
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4

Policy decisions
Fast pipeline, high priority schedule

3

Fast pipeline, low priority schedule

2

Slow pipeline, high priority schedule

1

Slow pipeline, low priority schedule

Slack bin #

Hysteresis counter
Initialize to 0 upon entering level.
Increase by 8 if detected not slackful.
Initialize to 63 upon entering level.
Immediately go to level 4 if detected not slackful.
Initialize to 63 upon entering level.
Immediately go to level 3 if detected not slackful.
Initialize to 63 upon entering level.
Immediately go to level 2 if detected not slackful.

Table 7.3: Hysteresis implementing the four slack bins. Note: if the slow instruction window
contains four times as many instructions as the fast pipeline, the slack-based steering decision is
overridden, and the incoming instruction is sent to the fast pipeline. Such load balancing never
sends instructions to the slow pipeline.
detector. (We also experimented with the QOLD criticality predictor from the same work [96, 110],
but the ALOLD predictor performed considerably better in our context.)

Experimental Evaluation

We evaluate the set of control policies on a machine with one 3-wide

fast pipeline and one 3-wide slow pipeline (3f+3s). The results, presented in Figure 7.5, yield two
overall conclusions. First, our slack-based policy performs better than any non-slack policy, by
10% on average. Second, using slack reduces the performance degradation (with respect to the
high-power 3f+3f configuration) from an average of 16% to only 3%.
It is interesting to observe the effect of replacing the token-passing detector with the
ALOLD predictor: while ALOLD performs better than the non-slack schemes, degrading performance by 10%, it appears that the token-passing detector is needed to accurately measure slack.
In an attempt to recoup the small performance loss of 3f+3s, we experimented with other
configurations where issue bandwidth is made equal to 3f+3f through the addition of another slow
pipeline. In these equi-bandwidth configurations, we found that our slack-based policy actually
slightly improved performance over 3f+3f, while the non-slack policies significantly degraded it, by
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12–15% on average. Specifically, the additional configurations explored are summarized below:

• 3f+3s+3s: one 3-wide fast pipeline and two 3-wide slow pipelines. This configuration has
the same issue bandwidth as the 3f+3f but a larger effective instruction window. While the
performance for all policies improved over 3f+3s, the relative performance of the four policies remained roughly the same: our slack predictor actually improved performance by 1%
(compared to the 3f+3f machine), while all other policies degraded it, by 12-15% on average.
• Half 3f+3s+3s: one 3-wide fast pipeline and two 3-wide slow pipelines, where the window
size of each slow pipeline is halved. This configuration has the same issue bandwidth and
effective window size as 3f+3f. Across the policies, performance was 1-2% worse than for
3f+3s+3s, indicating the increased effective window size does have some performance benefit. Most of the gains, however, come from increased issue bandwidth.

Power Savings

While the focus of this work is to evaluate slack as a tool for designing control

policies, it is interesting to estimate the power savings of our non-uniform machine configurations.
While an accurate power analysis is beyond our scope, we will compute asymptotic savings. (Actual
power savings will, in any case, depend upon the power contribution of the machine core (i.e., the
instruction window, issue logic, register file, and functional units), which is highly dependent upon
the particulars of the processor implementation).
To estimate the fraction of the core power that we save with each configuration, we
can employ the quadratic relationship of frequency/voltage reduction to power (naturally, practical device considerations may change this ratio to some degree). Assuming that halving the frequency decreases the power consumption to a quarter, we have: in the 3f+3s configuration, we save
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100 − 50 + 50 ∗ 1/4 = 37.5% of the power of the core; and in the 3f+3s+3s configuration we save
100 − 50 + 50 ∗ 1/4 + 50 ∗ 1/4 = 25%.
To estimate savings to overall chip power, we employ a methodology similar to Bahar
and Manne [8], which extrapolated the savings from available power estimates of real machines.
Wilcox showed the 8-way issue Alpha 21464 was expected to have 66% of its power dissipation in
its core [116]. Since we assumed a 6-way machine for this study, we estimate 50% of total chip
power going to the core. Under this assumption, the 3f+3s configuration would reduce the overall
chip power by approximately 18%, while the 3f+3s+3s machine saves approximately 12%.
Of course, our slack policy itself consumes some power, but we expect it to be a very
small amount of overall chip power, for the following reasons: the criticality detector is a very
simple hardware structure consisting of two small arrays, an array of size ROB size ∗3 nodes per
instruction ∗8 tokens = 768 bytes that is read and written during training and a 4KB array to store
the slack bin predictions. Furthermore, the predictor can be used for hiding many different nonuniformities (as opposed to just the single optimization explored in this section) and, thus, its power
dissipation may be amortized across numerous applications.

Other Resource Arbitration Applications
In this section, we will further illustrate the value of using criticality for resource arbitration by briefly discussing some applications developed by others.

Heterogeneous cache organization.

Rakvic, et al. [75] propose introducing a vital cache, which

is a small, fast-access cache that sits in front of the traditional L1 cache (inclusivity is maintained).
Such a small cache cannot hold the data working set of most workloads. However, it is large enough
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to hold most of the critical portion of the working set of many workloads. The estimate they use
for identifying criticality is what we would call local slack. If a load has some local slack (i.e., it’s
data is not consumed immediately), it is considered non-vital and not stored in the vital cache. They
achieve an average of a 12% speedup with this cache organization. It may be possible to improve
upon this result with a more global computation of criticality.

Instruction window utilization.

Crowe, et al. [27] identified which instructions had enough slack

such that they can tolerate some delay before being placed into the instruction window. These
instructions are placed into a deferred queue, giving priority to the more critical instructions. They
identify the slack of each static instruction through an offline analysis, where the static slack of an
instruction is defined as the minimum global slack over all dynamic instances of that instruction.
They achieved an 11% speedup over their baseline four-wide out-of-order processor.

7.2.2 Speculation Control
Another class of control-policy applications of criticality is speculation control. The goal
of speculation control is to only make predictions when there is potential for performance improvement. Performance improvement is possible when the speculation attacks an event with positive
cost, while it is not possible if that event has a positive slack. Reducing the number of useless predictions in this manner has two benefits: (1) fewer misspeculations and (2) less overhead due to the
speculation.
It is easy to see how speculation control could reduce the number of misspeculations. For
example, value prediction is only potentially useful for instructions that are on the critical path. If
the instruction is off the critical path, predicting it’s output will not help at all, since speeding up
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the instruction’s execution will not improve program performance. On the other hand, if we attempt
a prediction for a noncritical instruction and are incorrect, performance will likely be substantially
impacted due to the recovery cost.
Speculation control can also reduce overhead in situations where the speculation has a cost
associated with it. One example is pre-execution, where a chain of dependent instructions leading
up to a frequently cache-missing load (or frequently mispredicted branch) are processed early, well
before the load or branch is encountered in program order. The benefit in pre-execution is that the
load’s data can be prefetched (or the branch outcome can be known) by the time they are normally
encountered. The downside of this technique is that the pre-execution uses resources (functional
units, window slots) that could be used for the normal program execution. So, it is logical that
pre-execution should only be applied where there is potential for substantial benefit, something that
criticality (icost in particular) can indicate.

Reducing Misspeculations
Focused value prediction is an optimization that uses the critical path for reducing the
frequency of (costly) misspeculations while maintaining the benefits of useful predictions. By predicting only critical instructions, we improved performance by as much as 5%, due to removing
nearly half of all value misspeculations.

The Problem.

Value prediction is a technique for breaking data-flow dependences and thus also

shortening the critical path of a program [62]. In fact, the optimization is only effective when the
dependences are on the critical path. Any value prediction made for non-critical dependences will
not improve performance; even worse, if such a prediction is incorrect, it may severely degrade
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performance. In focused value prediction, we only make predictions for critical path instructions,
thus reducing the risk of misspeculation while maintaining the benefits of useful predictions.
Table Sizes

Confidence

Misspeculation
Recovery

Context: 1st-level table: 64K entries, 2nd-level
table: 64K entries, Stride: 64K entries. The tables
form a hybrid predictor similar to the one in [113]
4-bits, saturating: Increase by one if correct
prediction, decrease by 7 if incorrect, perform
speculation only if equal to 15 (This is similar
to the mechanism used in [19]).
When an instruction is misspeculated, squash
all instructions before it in the pipeline
and re-fetch (like branch mispredictions.)

Table 7.4: Value prediction configuration.

Experiments.

We used a hybrid context/stride predictor similar to the predictor of Wang and

Franklin [113]. The value predictor configuration, detailed in Table 7.4, deserves two comments: In
order to isolate the effect of value misspeculations from the effects of value-predictor aliasing, we
used rather large value prediction tables. Second, while a more aggressive recovery mechanism than
our squash-and-refetch policy might reduce the cost of misspeculations, it would also significantly
increase the implementation cost. We performed experiments with focused value prediction on the
seven benchmarks that our baseline value predictor could improve. We evaluate our token-passing
predictor and the two heuristics predictors.
Figure 7.6(a) shows the number of misspeculations obtained with and without filtering
predictions using the critical path. While the oldest-unissued heuristic eliminated the most misspeculations, it is clear from Figure 7.6(b) that it also eliminated many beneficial correct speculations.
The more precise token-passing predictor consistently improves performance over the baseline value
predictor and typically delivers more improvement than either heuristic. The absolute performance
gain is modest because the powerful confidence mechanism in the baseline value predictor already
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filters out most of the misspeculations. Nonetheless, the potential for using the critical path to improve speculation techniques via misspeculation reduction is illustrated by 5 times more effective
value prediction for perl and 7–20% more effectiveness for the rest of the benchmarks.

Reducing Speculation Overhead
In addition to reducing the number of mispredictions, criticality can also be used to reduce
the overhead caused by various forms of speculation. There are two principle ways the overhead
reduction can be achieved. The first and most direct is to eliminate speculation when it is not
possible that it could improve performance, as we did for the value prediction case study above. A
second is to use slack analysis to “hide” the overhead behind other computation. For example, preexecution requires fetching and executing a chain of instructions before they arrive in the normal
program stream. If we could detect when there is fetch slack available, we would know when we
could fetch the pre-execution stream without hurting program performance.
We have not studied the pre-execution application in detail, but there has been some related work that tackled part of the problem. Specifically, Petric and Roth [71] used criticality constructed from our graph model to identify cache misses most in need of being pre-executed, meaning
that the data-dependence chain leading up to the miss is pushed forward in the program stream. The
specific metric they use is simple cost, i.e., the benefit that could be achieved by pre-executing a
load (in isolation). Of course, since multiple loads are often being serviced simultaneously (and
thus have very low individual costs), using simple cost without accounting for interactions would
miss many optimization opportunities. Instead of explicitly measuring interaction costs, they average two values to obtain an adjusted cost metric: (1) the cost of the load as we define it and
(2) a more optimistic cost value assuming all other loads have been successfully prefetched. By
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employing this metric as part of their overall pre-execution system, they were able to avoid some
unnecessary work, both saving energy and increasing performance.
Note that Petric and Roth’s work improves pre-execution by avoiding unnecessary work;
it does not attempt to use criticality to hide the overhead of the pre-execution threads. It may be
possible to use criticality (especially for fetch nodes) to identify when the main thread can afford
to lose some bandwidth without performance loss. No work has yet attempted this optimization,
however.

7.2.3 Dynamic Hardware Reconfiguration
One of the techniques that architects have explored for reducing energy dissipation is
to change the hardware configuration dynamically to match the program’s needs. There are two
general strategies. The first is to resize hardware structures such that the machine is more “balanced”
or matched to the needs of the program. In other words, no resizable resource has slack in that it
could be reduced in size without impacting performance. Since for many structures, such as the
instruction window, there is a quadratic relationship between their size and their energy dissipation,
resizing has the potential to help substantially. The second strategy, which is more popular in
industry, is to dynamically adjust the frequency to meet the program’s needs. Since frequency also
has a quadratic relationship with energy, reducing frequency can have a very substantial benefit.

Structure Resizing.

Criticality is very directly applicable to the problem of resizing hardware

structures. Consider the problem of resizing the instruction window. The instruction window constraint is represented by CD edges in the graph model. If the CD edge is critical, the (limited)
size of the instruction window is impacting performance. The inverse is also true, so a non-critical
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CD edge means the instruction window size can be reduced without hurting performance. This
approach can be applied for resizing any hardware resource that is modeled in the graph.
Some work by Sasanka, et al. [87] developed a specialized hardware cost estimator for
making resizing decisions. The design of their estimator was inspired by our last-arriving edge
criticality analyzer, but, by specializing it to the task of resizing the instruction window, it is made
less expensive to implement. We compared their cost estimator to our more general criticality
detector and found that both perform similarly well. Their criticality-based policy saved slightly
more energy than the state-of-the-art policies at the time.

Frequency Scaling.

The most advanced proposals for frequency scaling divide the chip real estate

into multiple clock domains, each with an independently controllable frequency. The goal with this
sort of architecture is to set each zone’s frequency as low as possible while still maintaining good
performance. Semeraro, et al. [95] used an offline microarchitecture graph-based slack analysis to
determine good frequencies for different segments of code. Marculescu [64] furthered this work
to include dynamic criticality information, concluding that a hybrid between our token-passing
analyzer and the heuristic predictors provide the best energy/performance tradeoff for MCDs. In
a similar work, Chin, et al. [21] used slack to control the frequencies of different pipelines in a
clustered architecture.

7.3 Hardware Design Help
The typical approach architects use to better understand how machine alterations affect
performance is to run many simulations with many of the different configurations under consideration. The execution time reported by the simulations provide insight into what configurations will
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likely perform best in practice. To gain more fine-grain understanding of why performance is as it
is, architects will examine counters. For example, if the cache miss count increases when a simulation is run with a larger instruction window, one might logically conclude that there is an interaction
between the window and cache misses.
Our work on criticality can improve the state of hardware design in three ways:
• Early Results. When exploring new architectural ideas, it is typically very time consuming to
write an entire simulator to test their performance. A quicker and easier alternative is to alter
the graph model to reflect the new architecture. A performance estimate can then be obtained
by measuring critical path lengths of instances of the new model. This methodology can
enable architects to quickly explore a larger portion of the design space than would otherwise
be practical.
• Test more configurations quickly. A related advantage is the ability to test out many configurations very quickly. For example, testing the cross product of all possible instruction
window sizes, fetch bandwidths, issue bandwidths, and load-store queue sizes results in an
exponential blowup in the number of simulations required. Testing these configurations on
the graph still results in an exponential blowup, but each graph analysis is much, much faster
than running a simulation — resulting in the ability to explore a larger portion of the design
space.
• Costs, Interactions, and Performance Breakdowns. A final application of criticality, which
we have spent the most time exploring, is a better alternative to performance counters for
gaining insight into why a particular architecture performs the way that it does. This problem
is important since it can lead to new insights quickly. In fact, the methodology can provide
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interpretations of performance (almost) automatically; these interpretations would otherwise
require substantial effort from an experienced architect.

Our work has focused on developing the alternative to performance counters (the last
bullet). Below we present a case study that illustrates how interaction costs and performance breakdowns can be used to gain insights into performance.

7.3.1 Icost Tutorial: Optimizing a long pipeline
Several recent studies have found significant performance improvements possible by increasing the length of the processor pipeline. The improvement comes from increased clock frequency, but this improvement is unfortunately offset by the increasing latency of performancecritical loops. A loop is a feedback path in the pipeline, where the result of one stage is needed by
an earlier stage. Three of the most critical loops include: (i) the latency of a level-one data cache
access, (ii) the latency to issue back-to-back operations (the issue-wakeup loop), and (iii) branch
mispredictions [101, 53, 47, 13].
In this section, we present a tutorial on how interaction costs can help architects during
design of a new processor. Specifically, interaction costs can show us how to mitigate the performance impact of critical loops in processors with long pipelines. Finally, we compare our icost
analysis conclusions to those of a conventional sensitivity study.

The level-one data cache access loop
Let’s assume that the circuit designers optimized the level-one data cache access as much
as possible, but nonetheless the latency was higher than expected, say four cycles instead of the
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typical one or two. The question now is: What is the most effective way to change the microarchitecture to mitigate the effect of the high latency? Would it help to: (a) enlarge the branch predictor;
(b) increase the number of load ports; (c) increase the data cache size; or (d) increase the fetch
bandwidth? Certainly these changes will reduce the cost of each of these resources (if they were on
the critical path), but will they also reduce the cost of data cache accesses?
What we are looking for is a choice of something other than data accesses to optimize that
will indirectly reduce the cost of those accesses. Optimizing some resource such as fetch bandwidth
certainly will not affect the latency of data accesses, but the optimization might cause some of
the latency to be removed from the critical path (or, in other words, “hidden” or “tolerated” by the
machine). In essence, we are looking for serial interactions, since any resource that serially interacts
with data accesses provides us an alternative resource for optimization that will enable us to remove
the same set of cycles.
In our case study, before computing the interaction costs, we hypothesized what the outcome of the analysis could be, which amounted to predictions of where serial interactions would
occur. We thought data dependences between data-cache missing loads or ALU operations and
level-one data-cache accesses might cause such a serial interaction. Another possibility would be
an interaction between branch mispredicts and data-cache accesses, since loads often feed branches.
The results of the analysis is shown in Table 7.5 (simulator parameters are in Table 7.1 in
Section 6.3.5). For brevity, the breakdown presents only those interaction costs that involve datacache accesses, labeled ’dl1’ in the table. In total, there would be 28 − 1 = 255 costs and interaction
costs if all of them were shown.
Before examining the correctness of our hypotheses, let’s attempt to gauge the importance
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Category
dl1
win
bw
bmisp
dmiss
shortalu
longalu
imiss
dl1+win
dl1+bw
dl1+bmisp
dl1+dmiss
dl1+shortalu
dl1+longalu
dl1+imiss
Other
Total

bzip
22.2
16.4
4.4
41.0
23.8
9.9
0.3
0.0
-5.2
5.6
-10.8
-0.7
-4.1
-0.3
0.0
-2.5
100.0

crafty
24.2
15.1
8.0
28.6
7.1
11.4
0.9
0.7
-10.5
9.9
-5.4
-1.2
-4.3
0.1
0.0
15.4
100.0

eon
18.2
15.7
7.7
15.8
0.7
5.4
11.8
7.8
-6.8
8.1
-4.9
-0.4
-1.0
-0.3
0.8
21.4
100.0

gap
13.5
41.0
2.8
12.3
23.5
13.8
5.6
0.7
-6.0
2.8
-2.9
-0.4
-0.2
0.1
0.1
-6.7
100.0

gcc
18.3
13.6
8.2
26.3
26.3
5.1
0.4
2.2
-4.2
10.0
-7.0
-1.4
-1.6
-0.3
0.3
3.8
100.0

Category
dl1
win
bw
bmisp
dmiss
shortalu
longalu
imiss
dl1+win
dl1+bw
dl1+bmisp
dl1+dmiss
dl1+shortalu
dl1+longalu
dl1+imiss
Other
Total

mcf
7.7
4.2
0.5
26.9
81.0
1.4
0.0
0.0
-0.2
0.3
-2.4
-0.5
-0.1
0.0
0.0
-18.8
100.0

parser
19.0
17.3
2.9
16.5
32.9
19.7
0.1
0.1
-6.1
4.9
-2.8
-1.4
-3.6
-0.0
0.0
0.5
100.0

perl
31.6
4.4
8.6
38.0
1.4
7.3
0.8
5.2
-4.3
9.6
-7.6
-0.2
-1.4
-0.7
1.0
6.3
100.0

twolf
19.4
25.1
3.9
24.1
34.4
7.8
4.2
0.0
-4.1
1.5
-6.5
-1.3
-0.3
0.0
0.0
-8.2
100.0

vortex
28.8
47.1
5.3
1.9
21.8
4.9
1.6
2.8
-27.6
17.6
-0.2
-1.8
-4.0
-1.3
0.4
2.7
100.0

gzip
30.5
23.0
5.7
25.8
7.7
20.4
0.7
0.1
-15.3
6.0
-3.4
-0.4
-8.2
-0.4
0.0
7.8
100.0
vpr
19.7
23.2
5.8
24.9
33.7
7.6
3.6
0.0
-5.7
1.8
-4.6
-2.5
-1.3
-0.3
0.0
-5.9
100.0

Table 7.5: Breakdowns for optimizing a long pipeline: Four-cycle level-one cache. Interaction
costs are presented here as a percent of execution time and were calculated using the dependence
graph in a simulator. The categories are: ’dl1’ → level-one data cache latency; ’win’ → instruction
window stalls; ’bw’ → processor bandwidth (fetch,issue,commit bandwidths); ’bmisp’ → branch
mispredictions; ’dmiss’ → data-cache misses; ’shalu’ → one-cycle integer operations; ’lgalu’ →
multi-cycle integer and floating-point operations; and ’imiss’ → instruction cache misses. Note that
’Other’, denoting the sum of all interaction costs not displayed, can be negative since the interaction
costs can be negative.
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of interactions in general. If we sum up the singleton costs, say for craf ty, we get a very high value,
24.5 + 16.3 + 6.0 + 16.4 + 6.7 + 11.3 + 0.8 + 0.6 = 92.6%. Does this mean interactions are only
important for a small portion of the execution time, e.g., 7.4% for crafty? The answer is “no”,
since these singleton costs could be counting the same cycles multiple times — in other words,
serial interactions (negative icosts) may exist. In fact, the sum of the singleton costs for vortex is
over 100, at 104%, which is only explainable by serial interactions. As expected, vortex does have
interactions (in fact, large ones), both parallel and serial (and this is seen even when only considering
interactions including dl1). So, we cannot make conclusions on the importance of interactions by
looking at singleton costs alone.
In analyzing the data, notice first that data-cache accesses have a large singleton cost, typically contributing 15–25% of the execution time. This means that 15–25% of the execution time
would be eliminated if the data-cache access latency was reduced to zero. As for the interactions,
we see that some of our hypotheses were correct: for instance, there are significant serial interactions between data-cache accesses and ALU operations (dl1+shalu), suggesting we could mitigate
the long data-cache loop by reducing ALU latency (perhaps through value prediction [63, 19] or
instruction reuse [99]).
However, other conclusions from the analysis were not predicted beforehand. For example, it was hypothesized that large serial interaction might exist between data-cache misses and
data-cache accesses. In reality, this interaction is very small: reducing data-cache misses is unlikely
to mitigate the effect of the high latency data-cache loop.
We also see that the largest serial interaction for most benchmarks is with instruction window stalls. Thus, perhaps the most effective mitigation of the data-cache loop would be to increase
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the size of the instruction window — a result that may be difficult to predict before performing the
analysis.
Also, note that the magnitude of the interactions vary significantly across benchmarks.
This variability suggests that interaction costs could be useful in workload characterization: their
magnitude gives a designer early insights into what optimizations would be most suitable for the
most important workloads.

Balanced machine design.

One particularly interesting interpretation of interaction costs enables

microarchitects to determine how balanced a machine design is, as well as determine where the
imbalances exist.
We start with a definition of “balanced”. A machine is said to be balanced if no processor
resource can be reduced in size or made slower without impacting execution time. In other words,
there is no wasted effort (slack) in any stage of any instruction’s processing. In terms of the graph,
all paths are of equal length — hence, there is no dominant critical path.
Interaction cost makes it easy to determine if a machine is balanced. Consider the icost
between two resources, e.g., data-cache accesses (dl1) and the instruction window (win). The machine is balanced with respect to these two resources if and only if the individual cost of each of
the resources is zero (cost(dl1) = cost(win) = 0); and, thus, all of the cycles for which the resources are responsible are contained in the (non-negative) interaction cost between the resources
(icost(dl1, win) ≥ 0). As an example, consider the effect on costs and interaction costs when
increasing the size of the window from 64 to 256, presented for vortex below.
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dl1
win
dl1+win
Exe Time

64
28.5
39.4
-25.9
100.0

vortex
128
9.8
21.3
-8.14
80.8

256
4.3
13.6
-2.7
75.0

Notice how increasing the window size reduces the cost of the individual resources but
increases the size of the interaction. (In this case, increasing the icost causes it to become less
negative.) From this observation, we know the critical path is less dominant when the window size
is larger — i.e., the parallel paths are closer in length to the critical path, reducing the magnitude of
the serial interaction. In other words, the machine is more balanced when the window is larger.
To generalize, for any set of resources, a larger icost (less negative or more positive)
implies a more balanced machine design. A machine can be said to be completely balanced when
all of the execution time exists as a parallel interaction among all of the processor resources. For
example, if the machine has three resources (A, B, and C), the machine is balanced if and only if
all of the individual costs and lower-term interactions are zero (cost(A) = cost(B) = cost(C) =
icost(A, B) = icost(B, C) = icost(A, C) = 0) while the highest-term interaction is equal to
the execution time (icost(A, B, C) = exe.time). Large individual costs and significant serial
interactions indicate where the imbalances exist.

The issue-wakeup loop
Suppose that a long pipeline demanded a two-cycle issue-wakeup latency, instead of the
typical one. This will, of course, reduce performance, since ALU operations will not be able to
issue back-to-back. Can we use serial interactions to determine how to mitigate the performance
loss?
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From the breakdown of Table 7.6, we see significant serial interactions between ALU operations and several event classes: window stalls, branch mispredicts, and level-one cache accesses.
The most significant interaction is, again, with window stalls; it is as large as −24% for gap. Because of this serial interaction, increasing the window size is more beneficial when the issue-wakeup
latency is higher. For instance, we found that the speedup for gap when the window size is increased
from 64 to 128 is 12% if the issue-wakeup latency is one and 18% if the latency is two, a difference
of 50%.
The negative interaction costs also reveal for which benchmarks it is not going to be
possible to mitigate the effect of longer pipeline loops by optimizing other parts of the machine.
This is the situation in gcc, which exhibits very little serial interaction.

The branch misprediction loop
Finally, we consider the branch misprediction loop. Can we modify the microarchitecture
to reduce branch misprediction costs? How about increasing the window size? Will that work to
reduce branch misprediction loop cost in the same way it did for the other two loops?
The interaction costs in Table 7.7 reveal that the answer is no. Instead of a serial interaction between branch mispredictions and window stalls, there is a parallel interaction. This
parallel interaction tells us there are a significant number of cycles that can be eliminated only by
optimizing both classes of events simultaneously, i.e., by optimizing both branch mispredictions
and window size. In other words, reducing window stalls alone is not likely to significantly reduce
branch misprediction costs.
For a couple of benchmarks, mcf and parser, we do see significant serial interactions with
data cache misses (dmiss), however. In particular, for mcf, the serial interaction of
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shortalu
win
bw
bmisp
dmiss
dl1
imiss
longalu
shortalu+win
shortalu+bw
shortalu+bmisp
shortalu+dmiss
shortalu+dl1
shortalu+imiss
shortalu+longalu
Other
Total

bzip
19.7
22.9
2.9
34.5
28.3
12.2
0.4
0.2
-4.7
8.0
-9.6
-0.4
-5.9
0.0
-0.1
-8.4
100.0

crafty
25.6
21.1
5.7
25.1
14.5
12.1
5.4
0.7
-11.9
7.4
-5.8
-0.2
-5.6
0.1
-0.6
6.4
100.0

eon
13.2
18.5
8.0
15.4
4.1
10.0
9.4
12.5
-3.8
3.7
-1.6
0.1
-2.2
0.2
0.4
12.1
100.0

gap
39.7
51.4
1.5
8.0
16.5
4.6
2.8
4.4
-32.0
6.4
1.1
1.9
-1.2
0.1
-2.0
-3.2
100.0

gcc
18.9
9.3
6.2
39.9
12.7
16.1
8.9
0.5
-3.3
4.0
-8.7
0.1
-5.4
0.5
-0.3
0.6
100.0

shortalu
win
bw
bmisp
dmiss
dl1
imiss
longalu
shortalu+win
shortalu+bw
shortalu+bmisp
shortalu+dmiss
shortalu+dl1
shortalu+imiss
shortalu+longalu
Other
Total

mcf
3.1
3.5
0.3
24.9
83.6
4.5
0.0
0.0
0.0
0.4
-2.0
0.2
-0.3
0.0
-0.0
-18.2
100.0

parser
12.0
11.8
3.3
23.1
49.2
11.8
0.3
0.0
-4.3
3.9
-1.6
0.1
-4.3
0.0
-0.0
-5.3
100.0

perl
17.7
4.6
8.1
38.8
4.7
18.2
9.1
0.7
-3.4
6.0
-4.7
0.0
-4.0
0.4
-0.1
3.9
100.0

twolf
17.5
27.4
2.1
20.5
43.7
8.6
0.8
3.8
-1.4
2.7
-4.8
0.9
-0.7
0.0
-0.9
-20.2
100.0

vortex
13.2
39.5
5.9
2.5
24.0
17.1
11.4
1.1
-12.2
4.4
-0.4
-0.3
-10.4
0.2
0.5
3.5
100.0

gzip
40.0
32.3
3.4
20.3
17.9
15.4
0.4
0.6
-19.7
4.9
-4.6
-0.8
-8.2
0.0
-0.4
-1.5
100.0
vpr
14.8
26.7
3.9
22.3
46.7
8.7
0.4
2.8
-3.2
1.6
-5.6
0.2
-1.3
0.0
0.0
-18.0
100.0

Table 7.6: Breakdowns for optimizing a long pipeline: Two-cycle issue-wakeup loop.
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bmisp
dl1
win
bw
dmiss
shortalu
longalu
imiss
bmisp+dl1
bmisp+win
bmisp+bw
bmisp+dmiss
bmisp+shortalu
bmisp+longalu
bmisp+imiss
Other
Total

bzip
34.0
10.6
22.0
6.0
32.2
8.5
0.3
0.5
-6.6
10.2
-1.6
-2.4
-5.6
-0.0
-0.0
-8.1
100.0

crafty
26.6
11.6
15.4
9.6
17.4
11.8
0.8
6.5
-3.5
10.8
-2.5
0.5
-3.7
0.2
-0.2
-1.3
100.0

eon
15.6
9.4
16.3
10.7
4.6
4.5
14.2
11.8
-3.7
7.0
-2.3
-0.2
-0.7
-0.5
-1.6
14.9
100.0

gap
11.7
6.7
40.4
3.4
25.0
17.5
5.5
3.9
-1.7
7.8
-1.1
0.2
0.6
0.3
-0.4
-19.8
100.0

gcc
39.8
15.5
7.8
8.3
14.2
9.3
0.5
10.7
-8.3
11.8
-2.4
-0.7
-5.0
0.0
-0.5
-1.0
100.0

bmisp
dl1
win
bw
dmiss
shortalu
longalu
imiss
bmisp+dl1
bmisp+win
bmisp+bw
bmisp+dmiss
bmisp+shortalu
bmisp+longalu
bmisp+imiss
Other
Total

mcf
24.2
4.5
3.6
0.4
85.2
1.4
0.0
0.0
-1.2
54.4
-0.2
-14.6
-0.9
0.0
0.0
-56.8
100.0

parser
24.3
10.1
9.7
5.2
53.2
5.0
0.0
0.3
-3.2
39.3
-2.1
-6.0
-1.1
0.0
0.0
-34.7
100.0

perl
40.3
17.5
2.2
11.6
5.2
8.2
0.7
10.8
-6.7
12.3
-5.5
-0.7
-2.6
0.7
-1.2
7.2
100.0

twolf
19.8
9.8
30.0
3.6
49.5
8.2
4.1
0.8
-3.7
31.9
-1.1
-0.6
-2.3
1.1
0.0
-51.1
100.0

vortex
2.5
11.9
34.4
8.5
26.0
5.4
1.2
13.0
-0.3
2.1
-0.1
-0.1
-0.2
0.0
-0.3
-4.0
100.0

gzip
23.5
18.2
28.8
5.8
22.5
23.1
0.7
0.5
-1.9
8.3
-1.5
-0.9
-3.3
0.1
0.0
-23.9
100.0
vpr
21.4
9.5
27.0
5.2
51.1
7.4
3.3
0.5
-2.3
31.6
-2.3
-2.1
-3.1
1.4
0.0
-48.6
100.0

Table 7.7: Breakdowns for optimizing a long pipeline: 15-cycle branch mispredict loop.
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-16.2% tells us that as much as 60% of the cost of branch mispredictions (16.2/26.5*100%) could
be eliminated through optimization of data cache misses. Intuitively, this effect is likely due to
cache-missing loads providing data that is used to determine a branch direction. Again, interaction
costs help: we can quantify the importance of this effect for particular workloads, even determining
the static instructions where it occurs, helping to guide prefetch optimizations.

Comparing with sensitivity study
A sensitivity study is an evaluation of one or more processor parameters made by varying
the parameters over a range of values, usually through many simulations. Interaction costs can
be viewed as a way to interpret the data obtained from a sensitivity study. Regardless of how
they are computed, through multiple simulations or graph analysis, interaction costs explain why
performance phenomena occur in a very concise way.
Let’s explore this relationship by validating that the conclusions obtained from interactioncost analysis and conventional sensitivity studies are the same. We perform the comparison by using
a corollary of the serial interaction between the instruction window and load latency (the main result
of Section 7.3.1). As the load latency becomes larger, increasing the size of the instruction window
has increasing benefit. Since load latencies and window stalls occur in series with each other (because EP edges are in series with CD edges, as can be seen in Figure 7.7), increasing the latency
of one will make both more dominant on the critical path.
Using this corollary, we performed the comparison by running several simulations to observe the speedup with increasing window size at different cache latencies (see Figure 7.8). Indeed,
the interaction costs correctly predicted what the sensitivity study reveals: for instance, 50% greater
speedup ((9-6)/6 x 100%) is obtained from increasing the window size from 64 to 128 when the
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data-cache latency is four instead of one.
From this example, we see the relationship between the two types of analyses. A full
sensitivity study provides more information, e.g., whether the curves in the plot are concave or
convex; but interaction costs provide easier interpretation and concise communication of results.
The interpretation is easy since the type and magnitude of the icosts have well defined meanings.
The ease in communication comes from the ability to summarize a large quantity of data very
succinctly. For example, the entire chart of Figure 7.8 can be summarized by simply stating that
the two resources interact serially. Furthermore, due to the formulaic nature of interaction cost, the
interpretation is available automatically, without the effort of a human analyst.

Summary. In this section, we showed that interaction costs can help microarchitects during the
design process. When the dependence graph is constructed by the simulator, architects can use
interaction-cost-based breakdowns as a standard output of each simulation run. The overhead of
building the graph during simulation in our research prototype is approximately a two-fold slowdown, which we did not find overly burdensome, considering the substantial benefit of the added
insight. Furthermore, using the same principles of sampling that facilitate the profiling solution of
Section 6.3, we found that the overhead could be reduced to approximately 10% without significantly impacting accuracy (with only 1–2% error due to sampling).

7.3.2 Using Criticality in Design (Work by Others)
Before leaving the section on using criticality in hardware design, we discuss two works
by others that fall into this category. The first used the a derivative of our model to gain insight very
early in the design process. Specifically, they used criticality to understand the tradeoffs between
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dataflow and superscalar processors. The second used criticality breakdowns to gain insight into the
performance of their proposed new microarchitectural feature.

Comparing dataflow and superscalar processors.

Budiu, et al. [17] use the critical path to

understand the limitations of the traditional dataflow model compared to speculative out-of-order
processors. They find the dependences eliminated by superscalar processors through speculation
(control and data) are on the critical path of dataflow execution of many programs, accounting for
much of the performance advantage of superscalar processors.

Simple Criticality Breakdowns.

Petric and Roth [71] and Petric, et al. [72] used our graph model

to compute critical-path breakdowns of the execution to better understand why the optimizations
they proposed worked better on some benchmarks than others. They discovered, for instance, that
their RENO optimizer did not effectively tackle memory bottlenecks and, when it was successful,
their optimizer caused the machine to become more fetch bound (i.e., the execution time was primarily determined by the instruction fetch engine). Thus, coupling RENO with increased fetch
bandwidth could yield higher speedups.

Criticality Analysis of Clustered Processors.

Salverda and Zilles [85] use a critical-path analysis

similar to our criticality modes discussed in Section 4.1. This analysis helped them discover several
important characteristics of the performance of machines with clustered execution units. For one,
the criticality analysis showed them when the machine shifted from being fetch-critical to executecritical due to the extra latency imposed by the clusters. It also showed what component of the
steering policy was most responsible for the slowdown. (For their policy the largest contributer was
load-balance steering, which causes an instruction to be sent to the least-filled cluster when its most
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desired cluster is full.)
They also discovered that contention for functional units between predicted-critical instructions was a significant cause of the slowdown. This discovery led them to introduce a refined
predictor based on the likelihood of criticality. With this metric, a static instruction is not only
predicted critical or not but, instead, the criticality is weighted by the percentage of its previous
dynamic instances that were critical. If 40% of a static instruction’s dynamic instances are critical,
it would get priority over one that was critical only 20% of the time. With these improvements,
they were able to obtain performance on a clustered machine that is only a few percent worse than
a monolithic one.

7.4 Software Design Help
Criticality can be useful to performance-conscious software engineers for a variety of
purposes. The simplest is better understanding of what portions of code take the longest to execute,
focusing optimization efforts. Since, in machines that exploit parallelism, performance counters
are not sufficient for recognizing cost in this manner, cost and interaction costs could be a valuable
addition to a profiling tool, such as Intel’s Vtune [24].
While we believe there are great oppurtunities in improving software through criticality
analysis, in particular using the shotgun profiler, our research has not delved much into those possibilities. In the next chapter, however, we do discuss how criticality analysis could be useful when
writing multithreaded applications, which will be a very important problem with the increasing
popularity of chip multiprocessors.
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7.5 Summary
In this section we showed how alterations to our dependence graph can illustrate the performance effect of a software change without actually performing the change. This capacity enables
software engineers to try out more configurations than otherwise would be feasible. Criticality analysis can also help in deciding where to place prefetch instructions, predicate branches, cut a program
into threads, or — in general — where to focus human optimization effort. We need criticality for
these tasks since increasing parallelism is making simple event counters less and less representative
of what are the most important factors of execution time.
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(b) gzip slack results.

Percent of Dynamic Loads
that have slack >= x cycles

Percent of Dynamic Instructions
that have slack >= x cycles

30

Number of Cycles of Slack (gzip)

Number of Cycles of Slack (gcc)

local slack

60
50
40

gzip

30

20

20

10

10

0

gcc

perl

70

0
0

10

20

30

40

50

60

70

Number of Cycles of Slack (perl)

(c) perl slack results.
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Figure 7.2: Across benchmarks, there is enormous potential for exploitation of slack. (a)-(c)
Measurements of local, apportioned, and global slack for SPEC2000 versions of gcc, gzip, and perl.
gcc and gzip represent the two extremes in the amount of slack available in the full set of benchmarks
we ran; perl is more typical. The measurements indicate that even in the least slackful benchmark,
gzip, there is enormous potential for hiding delays introduced by nonuniform machines. (d) Measurements of apportioned slack when all available slack is apportioned to load instructions. These
results show it may be possible to tolerate technologically-induced bottlenecks on load instructions
if, for instance, wire delays cause some instructions to endure longer L1 data cache access times
than others.
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Figure 7.3: Limit studies. Measurements for two apportioning strategies are shown: latency-plusone-cycle and five-cycle apportioning. These measurements provide an indication as to what types
of non-uniform machine designs can be tolerated by a slack-based policy. For instance, latencyplus-one-cycle apportioning is relevant for the fast/slow pipeline microarchitecture we study in this
thesis.

Figure 7.4: The non-uniform microarchitecture used in our experiments. The processor consists
of one fast and one (or two) slow pipelines.
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Figure 7.5: Comparing control policies on fast/slow pipeline microarchitecture. All measurements are normalized to the baseline of two fast 3-wide pipelines (3f+3f ). Also, results are shown
for a single fast 3-wide pipeline (3f ) for reference. The rest of the measurements are different
control policies for a 3f+3s machine.
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Figure 7.6: Focusing value-prediction by removing misspeculations on non-critical instructions. (a) A critical-path predictor can significantly reduce misspeculations. (b) For most benchmarks, the token-passing critical-path predictor delivers at least 3-times more improvement than
either of the heuristics-based predictors.

169

Figure 7.7: Illustration of interaction between load latency and the instruction window The
dashed arrow shows how some load access EP edges and CD window edges are in series and, thus,
have the potential to interact serially (see Section 7.3.1). Note that some other EP and CD edges are
in parallel, thus there is also potential for parallel interaction between loads and the finite window
constraint.

Figure 7.8: Speedup from increasing window size for different level-one cache latencies. As
predicted from the negative interaction cost, increasing the window size has a larger benefit when
level-one cache latencies are larger.
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Chapter 8

Future Work: Criticality in Chip
Multiprocessors
Our work has focused primarily on analyzing and exploiting the criticality characteristics
of complex superscalar processors. There is a recent trend in microarchitecture design, however,
towards multiple simpler cores that coordinate to provide increased performance for applications.
In this chapter, I will outline some ways in which criticality can be used to improve the usabilty and
effectiveness of these chip multiprocessors.
There has been some research already that has adapted our work to the newly popular
domain. In particular, Li, et al. [61] extended our critical-path model to be applicable to parallel
multithreaded applications. They showed how analyzing the critical path can provide insights into
how a program is performing. For example, they can identify which threads are very costly in terms
of execution time and which have slack and can be delayed.
The basic mechanism used in the work by Li, et al. was to first create a dependence
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graph for each thread independently and then link the threads with dependence edges corresponding to synchronizing communication. The extra dependence edges connect execute (E) nodes of
one application to another. Their methodology is most useful in analyzing existing multithreaded
applications to help identify where software improvements could be made.

8.1 Software Parallelization
In the rest of this section, we outline a technique for using criticality to help with a different task, parallelizing a single-threaded application to run on multiprocessor hardware. This task
will be at the forefront of the agenda for those software engineers that want their programs to take
full advantage of chip multiprocessors. The complete task of automatically parallelizing a singlethreaded application is a very challenging unsolved problem that is beyond the scope of our work.
Nonetheless, we will show how the graph model and criticality analysis has promise for aiding
software designers in the parallelization effort. Our hope is that the reasoning used in adapting our
graph models and applying the criticality analysis will be useful in helping future researchers and
designers in developing new techniques for chip multiprocessors.
Specifically, we will show new insights into simplified versions of the problem that may
still be realistic enough to be useful in practice. The primary simplification we impose is that no
changes to the binary are allowed. We also assume a multiscalar-like [100] execution model, where
sequential tasks are extracted from the program stream and assigned to processors that communicate
in a round-robin fashion (illustrated in Figure 8.1). For simplicity, we’ll assume the communication
is very efficient, (i.e., through direct register-register transfers and a shared cache), but the models
we describe could be altered to model longer latencies. Stated succinctly, the problem we will look
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Figure 8.1: Assumed Execution Model. For the software parallelization case study, we assume a
Multiscalar-like execution model like the one pictured above.
at is Given an existing binary, what are the best “cut-points” for dividing it into n threads?
There are many factors that must be considered to answer such a question. For example,
the nature of data dependences in the program will determine the inter-thread communication. Control dependences are obviously important since they determine whether a segment of code is going
to be executed at all. Achieving proper load balancing among processors represents a host of other
challenges, such as determining the amount of work required to execute each thread — which is
dependent upon the execution latency of instructions, data dependences, cache behavior and branch
prediction among a myriad of other microarchitectural factors affecting performance.
One of the most useful aspects of our dependence graph abstraction of program performance is that we do not need to model these factors separately in order to devise an analysis that is
faithful to all of them. Instead, the dependence graph provides most of this detail uniformly once an
accurate model is developed. Next we’ll discuss how it can be used for our present purpose.
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8.1.1 Modeling multithreaded program execution
The first version of the problem we will attempt to address is a tool for software engineers. Assume that the programmer picks a section of code that he would like to split off as a
separate thread, say a particular subroutine call. Effectively, creating this thread involves “cutting”
the program before and after the subroutine call. Our goal will be to tell the programmer what performance improvement he should expect from the specified cut, without requiring any human effort
in implementing synchronization and communication, nor any time-consuming recompilation. In
fact, we would like to know the speedup very quickly so that the programmer can try out many
alternatives until he finds one that works well.
We will use our graph model to provide such a tool. Since the models presented thus
far have been for the execution of a program on a single superscalar, out-of-order core, we need to
modify this graph so that it models the same program executing on multiple cores. Let’s start with
the simplest possible example. Assume the dynamic program execution is 1,000 instructions long
and we want to break into two 500 instruction threads for execution on two processors. How could
we use the graph to find the speedup from this optimization?
The most important property to model is that (in a multiple processor system) the two
threads can be started at the same time. In other words, instructions i and i + 500 can be fetched
at the same time, each on its own processor. In terms of microarchitectural constraints, there is no
in-order fetch dependence between i and i + 500. The single-core model, however, includes such
a dependence (transitively) with the F F edges from instruction i to i + 1 to i + 2 all the way to
i + 500. To model the multithreaded execution, we need to relax this constraint.
The simplest way to relax the in-order fetch constraint in this instance is to remove the F F
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Figure 8.2: Cutpoint illustration. If the eight instruction program represented by the graph above
were to be cut into two threads, one thread consisting of instructions 1,2,3,4, and 5 and a second
thread consisting of instructions 6, 7, and 8, the execution-time improvement could be measured by
removing the edges marked with an “X” and observing the resulting decrease in critical-path length.
edge from instruction i + 499 to i + 500. This way, the fetch node of i + 500 is “fired” immediately,
at the same time as the fetch node for instruction i. An illustration of this simple graph manipulation
is shown in Figure 8.2.
Notice how the model naturally accounts for communication between the threads: the
data dependence (EE) edges remain intact, so that the later thread will have to stall if the earlier
thread has yet to produce data that it needs. In a real system, some extra latency would result due
to this communication. We can enhance the model to account for that by increasing the weights
(a.k.a., latencies) on the appropriate EE edges. If other chip-multiprocessor specific constraints are
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Test the benefit of cutting the program at static PC x
1. Construct graph of the dynamic program execution on a single core.
2. Remove the F F edges immediately preceeding each instance of x.
3. Measure the critical path length. This is an estimate of the
execution time of the parallelized program.

deemed important, we could continue to tune the model to be as detailed as needed. One of the nice
features of the model is that approximate results can be collected very easily and rapidly and then
made more precise over time as effort is expended tuning the latencies and constraints.
Using the model, it is clear how to test a programmer-specified cutpoint. For instance,
splitting off a procedure call as another thread involves making cuts before and after each dynamic
instance of that call. Thus, the first step is constructing a graph of the program executing on a
single core, which could be obtained either through shotgun profiling or simulation. Then the graph
modification described above, removing the F F edge, would need to be performed for each cut.
The resulting critical-path length would be an estimation of the runtime of the new multithreaded
program. Since finding the critical-path length can be done rather quickly, the programmer would
be able to test out many different parallelized variations of his program. The algorithm is shown at
a high-level in Figure 8.1.1.

8.1.2 Automatic Parallelization
Above we presented a tool to help software engineers decide whether a parallelization
that they propose via intuition is indeed good for performance or not. A more challenging problem
is to come up with the thread cutpoints automatically, without human intuition. We cannot solve
that more general problem, but we will discuss in this section how interaction costs may be useful
in such an effort.
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Let’s say we have a relatively short segment of code that is to be divided into N threads
for execution on N processors. The goal here is to find the N − 1 cutpoints in this segment that
would yield the highest performance possible. Stated in terms of our cost metric, the goal is to
maximize cost({p1 , p2 , .., pN −1 }), where p1 to pN −1 are the F F edges to be cut in the graph.
Unfortunately, finding a set of optimal cutpoints is an NP-complete problem. We can use
interaction cost, however, to help us converge on a good, if not optimal, solution quickly. To see
how, consider the interaction cost of two cutpoints p1 and p2 . If icost({p1 , p2 }) << 0, indicating a
serial interaction between the two cutpoints, we know that some of the benefit obtained from p1 is
also obtained by p2 . In other words, the two cutpoints are doing redundant work, eliminating many
of the same execution cycles. This behavior is probably a result of p1 and p2 being placed too close
to each other in the program stream. Another way to look at it is the thread between p1 and p2 is
too small relative to the other threads. A good heuristic could be designed to take advantage of this
effect, looking for serial interactions between adjacent cutpoints and moving them further apart if
the magnitude is too high.
Figure 8.3(a) shows some results from preliminary experiments measuring the distribution
of costs for every possible dynamic cutpoint. In other words, the benefit, in terms of execution time
reduction, was measured for cutting the program into two threads between every pair of consecutive
instructions in the program. If we did not have the graph, many thousand simulations would need
to be run for each benchmark to obtain the same results.
The results indicate that relatively few cutpoints yield substantial execution time savings.
In fact, for most benchmarks, greater than 70% of the possible cutpoints yield benefits of less than
10 cycles. This suggests that a cost-sensitive policy for choosing cutpoints may be important for
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(a)

(b)

Figure 8.3: Distribution of execution-time reduction from cutpoints. The cumulative distribution
shown in the charts is the mirror image of how they are often displayed. In other words, from (a),
for all benchmarks, greater than 75% of the dynamic cutpoints improve performance by less than 20
cycles. (a) is the cost distribution observed from cutting a program into two threads between each
pair of consecutive dynamic instructions. (b) Speedup from parallelizing a program for a machine
with two processors. The fixed-interval policy creates a cutpoint every 100 dynamic instructions.
The simple cost-based policy picks as a cutpoint the dynamic instruction with the highest singleton cost (ignoring interactions) in every 100 instruction interval. The purpose of this experiment
is to show that cost-sensitive policies for parallelizing applications can be beneficial. Due to the
simplicity of the policy, however, it does not provide much insight into the best achievable speedup.
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achieving the best performance.
As a crude test of this hypothesis, Figure 8.3(b) shows the speedup obtained from parallelizing the benchmarks using two different policies, one where a cut in the program was made every
100 dynamic instructions and another where a cut was made at the highest singleton cost within each
100 dynamic-instruction interval. Thus, both policies create the same number of threads for each
benchmark. The cost-sensitive policy achieved 1.5–7 times the speedup of the fixed-interval policy.

8.2 Summary
Although the bulk of our work has focused on complex superscalar processors, our criticality techniques are not limited to only this style of processor implementation. In this chapter, we
illustrated how our dependence graph and criticality analysis could be adapted for one architectural
style that is gaining in popularity: chip multiprocessors. There is a lot of work to do beyond what
is presented here to fully adapt our technology, but we hope that this chapter gave a reasonable
introduction as to how that work might proceed.
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Chapter 9

Conclusions and Future Work
Our work set out to deal with the inadequacy of event counts for judging performance,
both in optimizations and pure analysis. We quickly realized that the key ingredient to a performance
analysis methodology for parallel microarchitectures is an understanding of the critical path through
a program execution. Once you have the fundamental understanding of what the critical path is and
how to measure it, a remarkably large class of performance analysis questions can be answered.
Of course, the critical path has long been used by compiler writers and others as an aid
in making optimization decisions. In these cases, the critical path was found on a graph consisting
of instructions interconnected by data dependences. This paradigm of thinking of nodes as instructions and edges as data dependences inhibited architects from effectively exploiting the critical path
through microprocessor program executions. Intuitively, it was clear that there existed limiters to
performance other than data dependences, but it wasn’t clear how to deduce a global critical path
that included them. Our insight of breaking a program’s execution into smaller bits than just instructions enabled a more complete modeling of performance.
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In this thesis, we attempted to lay the groundwork for a successful performance analysis.
Nonetheless, there are still many topics that merit further exploration. Below we discuss a few
potential research projects.

Modeling and Queuing Theory.

Certain types of hardware resources for which an instruction

could use any one of many, such as functional units, cause modeling difficulties using our techniques. We discussed some possible work-arounds for this problem in Chapter 3, but a complete
solution probably requires incorporating new ideas from another domain, perhaps queuing theory.
Our preliminary work in this area revealed that it may be a very difficult task, since a standard
memoryless queue did not provide any increased accuracy.

Automatic Model Deduction.

In this thesis, all of the graph models have been constructed by

hand, using our human intuition. Since this procedure requires not only knowledge of the processor
but also understanding of how to use a graph to model various features, a better solution would be
to deduce the model automatically from a specification. This specification should be of a standard
format that designers are naturally accustomed to using during their normal design effort. In fact,
some work has attempted to deduce a model directly from the RTL specification [16]. While this
may be useful, the models constructed from RTL may be too dense for many practical purposes.
A higher-level specification language that could be used even in early stages of the research and
design process would ease the use of our criticality analysis.

Criticality in Other Domains.

Our basic graphical analysis and metrics, including the character-

ization of interactions, is applicable to any parallel system, not just complex microarchitectures. We
discussed some preliminary work on applying these techniques to chip multiprocessors in Chapter 7.
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Previous work, discussed in Chapter 2, used the critical path to profile performance at a higher-level
of abstraction, useful to programmers [61]. Many other domains might also benefit from this form
of analysis as well. For example, network protocols might be optimized by measuring interaction
costs of communication during typical patterns of use.

Application-Specific Analyzers.

The work by Sasanka, et al. [87] used a token-passing hardware

structure similar but simpler than our token-passing criticality analyzer for the very specific task of
resizing the instruction window. The advantage of this application-specific approach is not just a
simpler implementation, however. Sasanka, et al.’s work actually computes a reasonable approximation of the cost (as opposed to just criticality) of the instruction window. As we discussed in
Chapter 6, building a general hardware cost estimator seems intractable, but it may be possible to
do so on a limited basis for specific applications. For example, it would be very useful to have
a hardware mechanism that could estimate the cost and interactions of cache misses (or branch
mispredicts.)

Predictors for Fetch and Commit Criticality.

The token-passing analyzer was meant primarily

to detect the criticality of execute (or E) nodes, as opposed to fetch (F ), commit (C), or nodes
representing other micro-operations. There are many possible optimizations that target these other
stages of instruction processor, however, and criticality could help guide them. For example, the
limited space available in a trace cache could be more effectively utilized by storing critical fetch
blocks. In fact, a frontend mechanism more effective than a pure trace cache may be possible if we
can identify those fetch blocks that must be fetched quickly versus those that can be delayed.
In principle, the token-passing analyzer that works for E nodes also works for any of the
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other nodes — all that is necessary is to plant a token into whatever node that should be tested for
criticality. The analyzer is just as effective at detecting whether an F or C node is critical as it is
for E nodes. The problem arises when attempting to predict criticality of future nodes based on
past detections. We have observed that F and C criticality do not experience the same type of static
instruction “locality” as do the E nodes. In other words, the typical approach of training a predictor
that is indexed by PC does not work well.
A solution will likely have to rely on the characteristics of program executions peculiar
to the specific micro-operations that are targeted. For example, we have noticed that fetch nodes
are most often critical after disruptions in the program stream, such as those caused by branch
mispredictions and, to a lesser extent, fetch stalls due to a full instruction window. Furthermore,
we have found that the number of consecutive critical fetch nodes after a branch misprediction does
have static instruction locality. In other words, when a dynamic instance of a particular static branch
instruction is mispredicted, the length of the resulting critical chain of F nodes is fairly similar in
length to that resulting from other mispredicted dynamic instances of the same static instruction.
Recording this length could form the basis of an effective fetch node criticality predictor.

Using Interaction Costs.

While we provided some heuristics and illustrated how to interpret and

use interaction costs in this thesis, we still left much to be explored. In particular, we have found
it challenging in practice to pick the correct interactions to measure. It’s also difficult to reason
intuitively about interactions between more than two events. This space provides ample room for
new graph and, perhaps, data mining algorithms to extract useful information automatically.
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Criticality in Configurable Hardware.

In this thesis, we have assumed the traditional restric-

tions as to what is feasible to be done in hardware and these restrictions have formed the basis for
our hardware/software boundaries. In particular, much care was taken to reduce the hardware requirements for the shotgun profiler. These simplifications sacrificed some amount of accuracy in
the outcome of the criticality analysis in exchange for a feasible implementation.
Configurable hardware, such as the FPGAs common in ASIC development, present a
different environment for deciding the hardware/software boundary. The fluidity of the hardware
allows more or fewer transistors to be dedicated to analysis depending upon what is desired at
different phases of ASIC development. For instance, while the most time-consuming portions of
the application are being optimized, much of the chip real estate could be devoted to providing
very accurate analysis. The most natural way to use the extra transistors would be to construct very
accurate graphs by monitoring all (or most) of the dynamic operations as they occur. If it is not
possible to record statistics for each dynamic instruction in a long stream, the extra transistors could
still be used to increase the accuracy of the shotgun profiler by increasing the number of samples
recorded.
A second way those extra transistors could be used is to compute the desired metrics in the
hardware itself. For example, the effectively linear time algorithm used to compute the cost of each
individual edge in a graph (see Section 5.3) could be implemented directly in the hardware. The
advantage of this approach is that less information would need to be communicated to some external
source for analysis, assuming that the result of the analysis is more compact than the information
required to construct the graph. The hardware/software tradeoffs in this environment could be an
interesting research topic.
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Using Criticality in FPGA emulators.

The advantages of the flexibility of configurable hardware

in producing accurate analysis can be extended even to nonconfigurable processors by employing a
system such as in the RAMP project [6]. This approach uses configurable hardware (e.g., FPGAs)
to model the functional and performance characteristics of nonconfigurable processors. Although
the timing characteristics of FPGAs differs from custom hardware, emulation or scaling of latencies
can be used to mimic the behavior of a full custom chip.
Our dependence graph and criticality analysis work very well with such a system. For the
simplest example, the critical path through our dependence graph is equal to the execution time of
the program. Thus, the dependence graph, along with the last-arriving rule, tells us exactly what the
hardware needs to keep track of in order to report execution time accurately.
Perhaps more interestingly, however, the dependence graph provides a framework for how
to report performance information back to the user of the system. In a typical software simulator,
many (often redundant) performance counters are used to gain a sense of not only how well hardware
performed but also why it performed the way it did. The dependence graph makes it easier to
determine the minimal amount of information that must be extracted from an emulator in order to
provide the user of the system a complete picture of performance. That dependence graph can be
constructed using a technique such as the shotgun profiler, whose accuracy is tunable by increasing
the number of samples that are captured.

Summary. In this dissertation, we have a provided a framework and tools to model, measure
and interpret the criticality (cost, slack, and interaction) characteristics of program executions.
We have also developed hardware support for detecting and predicting critical-path instructions
and their slack for use in online optimizations. Finally, we have proposed a profiler to replace or
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enhance traditional hardware performance counters — enabling sophisticated criticality analysis of
real programs. There are many ways that the framework and hardware structures could be improved
further, but perhaps the most exciting prospect is to use the existing tools for optimizations and
analysis applications beyond the case studies explored in our work. As of the writing of this thesis,
some researchers have already begun to do so, but there is much more to be explored.
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