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Abstract

Branch Prediction without the Full View of Global History

Lingzhe Cai, PhD
The University of Texas at Austin, 2026

SUPERVISOR: Yale N. Patt

High-performance CPUs depend on accurate branch prediction. Decades of
research results in complex prediction algorithms that draw correlations from deep
in the control flow history to accurately predict the branch. However, implementing
such complex designs faces two key challenges: prediction latency and history regis-
ter length. This dissertation leverages the observation that most branches are highly
predictable and contribute little new control-flow information. Using this insight, I
first propose an energy-efficient ahead predictor, reducing the high energy costs of
prior designs while hiding the predictor latency. Secondly, I show that excluding pre-
dictable branches from the global history not only does not hurt prediction accuracy,
but can improve prediction accuracy by effectively extending usable history length,
which improves the prediction accuracy. Together, these techniques help unlock the
true potential of prior research on branch prediction, offering new directions for future

branch predictor design.
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Chapter 1: Introduction

Single-thread performance remains a critical metric in modern processor design
as many important workloads continue to depend on it. Out-of-Order processors
based on the HPS model[43], [44] have achieved wide-spread success in commercial
products. These processors achieve their performance through a sophisticated out-of-
order engine to dynamically identify independent instructions that can be executed at
the same time, paired with complex predictors to enable processors to speculatively
fetch instructions beyond control-flow boundaries, maintaining a steady supply of
correct-path instructions to the backend. As commercial products continue to increase
both pipeline width and the out-of-order window to extract more instruction level
parallelism and memory level parallelism to improve single thread performance, more
speculative instructions are in-flight at any given time, meaning a misprediction forces
a greater number of incorrectly fetched instructions to be squashed and the pipeline
to be refilled from the correct path. This increased misprediction penalty makes

accurate branch prediction even more important in the design of modern processors.

Modern branch predictors make accurate predictions by learning the correla-
tion between the control flow leading up to a branch and the direction of the branch.
This concept was first introduced by the 2-level predictor [65], and nearly all high-
accuracy predictors [21, 26], 29, BIl, (4, 56, (I, 63, 66] today follow the same key
principle. The control flow is typically represented by a history of recently executed
branches, stored in a global history register, which encodes the dynamic control flow

leading up to a branch.

To capture this control flow context, state-of-the-art branch predictors update
the history register on every branch, implicitly assuming that every branch outcome

contributes new information about the program’s control ﬁowE] Under this assump-

"ndustry predictors often adopt taken-only history[57], recording only the PC and targets of the
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tion, the predictor must use the full global history for prediction as the direction of

each branch potentially changes the context seen by future branches.

In this dissertation, I will show that this assumption is not only incorrect, but
also gives rise to two important inefficiencies in branch prediction: prediction latency

and history aliasing, both of which are discussed in detail in the following sections.

1.1 Predictor Latency

Modern predictor designs use large lookup tables and complex logic to gener-
ate a prediction, resulting in a multi-cycle latency to produce a prediction. Branch
predictors use the full control flow history as input, meaning the history register must
be updated with the outcome of the current prediction before the next prediction can
begin. This creates a strict sequential dependency between predictions that prevents
the predictor from being pipelined, and its latency cannot be hidden. Prior work has
proposed two ways to solve this problem, but both have shortcomings.

Cycle 0 Cycle 1 Cycle 2 Cycle 3

Single-Cycle Pred for
Predictor BrN

Multi-Cycle Predictor

Single-Cycle
Predictor

Pred for
BrN

Multi-Cycle Predictor

Figure 1.1: Multi-level Prediction Timing Diagram When Fast and Slow Predictors
Agree

Multi-level prediction schemes [22] use a fast and simple predictor to pro-
vide an initial prediction, followed by one or more overriding predictors. The simple
predictor produces a prediction in a single cycle. This allows the next prediction to

start immediately on the next cycle using the results of the first prediction. The

taken branches. This is broadly information-equivalent, as the positions of not-taken branches are
implicitly conveyed by the position of the taken branches.
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Cycle 0 Cycle 1 Cycle 2 Cycle 3

History Single-Cycle Pred for
and PC Predictor BrN

of BrN Multi-Cycle Predictor gre’\(l:l for
r

Single-Cycle
Predictor
Multi-Cycle Predictor

Figure 1.2: Multi-level Prediction Timing Diagram When Fast and Slow Predictors
Do Not Agree

overriding predictor(s) takes multiple cycles to generate a more accurate prediction,
either agreeing with or disagreeing with the prediction made by the single cycle pre-
dictor. Figure [I.1] shows the timing diagram when the fast and slow predictors agree
with each other. In this case, the next prediction is started on the next cycle and no
pipeline stalls are observed. But when the slower overriding predictor disagrees with
the simple predictor, an early pipeline flush is issued, as shown in Figure In this
case, 2 bubbles appear in the pipeline. To quantify the effect of predictor latency on
processor performance, I conducted an experiment across all SPEC2017 CPU bench-
marks, showing that frequent disagreements between the two predictors can introduce
significant performance degradation. In fact, eliminating predictor latency entirely
in such designs can improve IPC by up to 6.48% in an aggressive out-of-order core.
While this scheme is widely adopted in commercial designs, it still does not fully solve

the prediction latency problem.

Ahead prediction [18, 20, 33, B0, 37, 53], 60] breaks the sequential depen-
dency by predicting a future branch using the currently available history and PC
information, allowing each prediction to begin earlier and hide multi-cycle latency.
As shown in Figure [I.3] the prediction for BR2 is initiated using BRO’s history and
PC, rather than waiting for BR1’s prediction to complete and update the history
first.

However, this means the directions of BRO and BR1, the intermediate branches

between when the prediction for BR2 is initiated and when it is needed, are ab-
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sent from the history used for predicting BR2, reducing prediction accuracy. Prior
work [23, [52], B5] observed that by the time BR2’s prediction is actually needed, all
intermediate branches have already been predicted. By generating a prediction for
each possible missing history pattern, the predictor can simply select the correct one

once the intermediate outcomes are known.

However, prior work still assumes that the full history is needed for prediction,
meaning any one of the missing history patterns could materialize and affect the
outcome. Under this assumption, a separate prediction must be generated for every
possible combination of missing history bits, one entry read per prediction table per
pattern. Since the number of missing history patterns grows exponentially with ahead
distance, the number of table reads and associated energy also increase exponentially.
For example, prior work [55] increased the number of bits read per prediction by 32x
when predicting five branches ahead, resulting in a 14.6x increase in per-prediction
energy. As directional branch prediction accounts for approximately 3-4% of total
core power [8, 38 [42], this overhead is substantial, making prior approaches to ahead

prediction impractical.

When
Prediction for
BR2 is needed

Cycle -4 Cycle -3 Cycle -2 Cycle 1 Cycle 0 Cycle1
Pred f
Ahead Predictor e
BrO

Ahead Predictor e
Br1

History
and PC Ahead Predictor
of BrO

Pred for
G
Br 2

Figure 1.3: Ahead Prediction Timing Diagram
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1.2 History Length

Accurate predictors extract correlations that may span thousands of dynamic
branches. For example, TAGE-SC-L [56], the winner of CBP5, uses a 3000-bit global
history register. RUNLTS [31], the winner of CBP6, uses a 4316-bit history registei}
This demonstrates that correlations from deep in the history can be beneficial for
prediction accuracy. In contrast, commercial designs [57, [64] typically track fewer
than 100 taken branches. My experiments show that extending the size of the history
register from 256 bits to 3000 bits reduces the misprediction rate by 0.4 MPKI using
TAGE [50] over the 105 traces provided by CBP6[5].

Although increasing the size of the global history register can be achieved with
a longer register, the real cost is the need to recover the correct history after pipeline
flushes caused by a misprediction. Recovering the correct history requires checkpoint-
ing the history for each branch in the processor. Since modern processors can have
very large instruction windows, the total checkpoint storage can be substantial. For
example, an instruction window of 1000 would require 250 checkpoints®, which means

increasing the history size can drastically increase the size of the checkpoints.

Increasing the size of the checkpoint also increases the time needed to recon-
struct the correct history after a branch misprediction is detected. To hold these
larger checkpoints, larger storage tables are needed, which results in a multi-cycle
access latency. This multi-cycle access latency will delay the pipeline restart because
the predictors cannot start until the history is recovered. The amount of time needed
to restart the pipeline after a branch misprediction directly impacts performance;
prior work [I2] has shown that each additional cycle in restarting the pipeline af-

ter a flush incurs around a 1% performance loss. Both the storage overhead of the

2The size of the history register and its checkpoints are not part of storage overhead in the
championship branch prediction competitions, therefore participants can use an impractically large
history size as long as it can provide benefits

3assuming 1 in every 4 instructions are branches.
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checkpoints and the latency to read the checkpoints prevent a long history regis-
ter implementation. While alternative methods for recovery like backwards-shifting
and circular-buffer implementations exist, they come at high energy, timing, or area

costs [51].

Although predictor latency and history length are typically studied as separate
problems, both originate from the same flawed assumption in modern branch predic-
tor design: that every branch outcome contributes new information to the control
flow. In the context of predictor latency, this assumption forces ahead predictors to
consider all 2V possible missing history patterns when predicting N branches ahead
as it assumes each intermediate branch provides new information, making the energy
cost grow exponentially with ahead distance. In the context of history length, the
same assumption implies that every branch outcome must be recorded in the history
register, making the cost of storing and recovering long histories grow linearly with
history length. In both cases, the assumption is unnecessarily conservative. As I will
show later, predictable branches, which are the majority of the dynamic branches in
a program, do not add new information to the control flow, leaving ample room for

optimization.

1.3 Predictable Branches

In my thesis, I challenge the traditional wisdom that every branch introduces
an extra path in the control flow. I will show that predictable branches do not lead
to a new path in the control flow, thus providing no additional information to help

identify the control flow.

Branch prediction algorithms exploit the correlation between control flow (his-
tory) and branch direction [9] [14]. These correlations arise from the program struc-
ture, data dependencies, or inherent input regularities. History-based branch predic-
tors learn the correlation between the control flow leading up to the branch and the

direction of the branch through either a neural network |21, 26}, [66], or through lookup
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tables [31), 135, 54] [56], 59, 63, [65] that track the majority direction of the branch under

each control flow.

For a branch to be predictable, regardless of the mechanism used, it must
exhibit stable behavior—nearly always taken or nearly always not taken—under that
control flow. Conversely, a branch is unpredictable if its behavior does not converge
to a stable majority direction even under the longest supported history. Importantly,
predictability is history-dependent: a branch may be predictable under some control

flows but not others.

Modern history based branch predictors such as TAGE-SC-L can achieve a
very high prediction accuracy (e.g., 97.06% across the 105 traces in the 6th Champi-
onship Branch Prediction Competition), suggesting that most branches in a program

are predictable based on the control flow leading up to the branch.

1.3.1 Key Insight

//A, B are random variables
If (A){}//BR1
If (B){}//BR 2

If (A&B){}//BR 3

Figure 1.4: Code Example of a Predictable Branch

Conventional wisdom suggests that each branch can lead to two control flows
because it can be either taken or not taken. Under this view, three branches would
yield eight distinct control flows. However, this exponential growth is illusory when

branches are predictable.
In Example [1.4] there are three if blocks. Each if block is translated into a
branch instruction during code generation, and the branch is taken if its condition

21



evaluates to true, skipping the instructions inside the block. First, notice that branch
3 is highly predictable: its direction can be determined from the outcomes of branch
1 and branch 2, making the branch completely predictable. For instance, a 4-entry
pattern history table indexed by the directions of branch 1 and branch 2 can achieve
100% prediction accuracy. Second, there are only 4 control flow paths for the 3
branches in the example, as shown in Table Although branch 3 can be taken or
not taken at runtime, its direction is completely dependent on Branch 1 and Branch
2. As a result, it does not introduce an additional control-flow path beyond those
already established by branches 1 and 2, which explains why the total number of
control flows after the three if blocks is only four instead of eight. Notice here that
the reason it does not introduce a new control flow is exactly what makes this branch

predictable.

Branchl Branch2 Branch3
Path 1: Taken Taken Taken
Path 2: Not Taken Taken Taken
Path 3: Taken Not Taken Taken
Path 4: Not Taken Not Taken Not Taken

Table 1.1: Control-flow Outcomes of the Three Branches Example

More generally, for any branch whose direction is stable under a given control
flow, it does not introduce another path. This property is exactly what makes a branch
predictable. This insight—that predictable branches do not create new control-flow

paths—forms the foundation for the rest of this dissertation.

If predictable branches dominate execution, then the conventional assumption
that every branch contributes new control-flow information can lead to significant
inefficiency in building branch predictors. The next section empirically measures the
percentage of branches that are predictable at run time across the 105 traces provided

by cbp6 [5].
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1.3.2 Experimental Results

I performed an experiment to determine the number of dynamic branches that
are predictable. I define predictability as follows: given a particular history and PC,
what percentage of outcomes correspond to the majority direction? For example, if
under a particular control flow, a branch is taken 999 times and not taken once, then

the branch is 99.9% predictable under this control flow.

No History 32-bit History 64-bit History

Predictability | Fraction | Acc | Fraction | Acc | Fraction | Acc
>99.9% 46.92% | 99.76% | 74.90% | 99.04% | 84.85% | 98.04%
>99.0% 55.57% | 99.75% | 80.67% | 99.09% | 89.28% | 98.12%
>97.0% 62.12% | 99.67% | 85.46% | 99.05% | 92.32% | 98.13%
>95.0% 66.15% | 99.57% | 88.12% | 99.00% | 93.92% | 98.11%
<95% 33.85% | 92.00% | 11.88% | 82.27% | 6.08% | 80.01%

Table 1.2: Branch predictability and prediction accuracy under different history
lengths.

For each retired conditional branch during program execution, I record the
PC, the global history, and the branch outcome. At the end of program execution,
I compute the predictability for each unique (PC, history) pair. The experiment is
conducted over the 105 traces provided by CBP6 [5]. Table[l.2reports the distribution
of predictability and prediction accuracyiz_r] under no history, 32-bit history, and 64-bit
history. The results confirm that my predictability metric aligns with the empirical
results from the predictor: branches that are highly biased toward one direction
under a given history are predicted accurately, while branches that are not at least
95% biased toward a direction see a sharp drop in prediction accuracy. Two other
key observations emerge. First, longer history significantly increases the fraction
of predictable branches. Second, the vast majority of dynamic conditional branches

(84.85%) are more than 99.9% predictable under 64-bit history, and those branches are

4using a 64KB TAGE-SC-L
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predicted correctly 98.04% of the time, confirming that high predictability translates

directly to high prediction accuracy in practice.

1.3.3 Applying this Insight

In this dissertation, I apply the insight that predictable branches do not create

new control-flow paths to improve the branch prediction in the following two ways:

Enabling Ahead Prediction with Practical Energy Constraints: Be-
cause skipping over a predictable branch does not introduce an extra pattern and the
majority of branches at runtime are very predictable, most of the 2V missing history
patterns do not materialize when predicting N branches ahead. Previous work consid-
ers all 2 missing history patterns when predicting N branches ahead, unnecessarily
increasing the predictor energy when all patterns are considered for prediction. An
ahead predictor considering only the missing history patterns that materialize at run
time (usually only 1 or 2 when predicting 5 branches ahead) can drastically decrease

the per-prediction energy associated with ahead prediction (from 14.6x to 1.5x).

Achieving a Longer Effective History via Pruning Predictable Branches:
Because predictable branches do not contribute additional control-flow information
under a given history, recording their outcomes in the global history register is un-
necessary. By selectively omitting these updates, the predictor preserves all relevant
information while effectively extending the usable history length without increasing

storage.

1.4 My Contributions

The contributions of this dissertation are:

e [ show that the number of missing history patterns observed at runtime is far

smaller than the theoretical maximum.

24



e [ propose an efficient ahead predictor that explicitly tags counters with missing-
history patterns, allowing per-prediction energy to scale linearly with ahead

distance.

e [ design a branch history pruning algorithm by skipping the history updates

from predictable branches, increasing the effective length of the history register.

e [ design a dynamic mechanism to identify predictable branches and selectively
skip their history updates, effectively extending usable history length, improving

prediction accuracy.

1.5 Thesis Statement

Predictable branches do not introduce new control-flow information, and ex-
ploiting this property enables more efficient branch predictors: in the context of ahead
prediction, the scarcity of history patterns that materialize at runtime enables prac-
tical energy-efficient ahead prediction; and in the context of history length, omitting
predictable branches from history updates extends the effective history length without

increasing storage or recovery overhead.

1.6 Dissertation Organization

The remainder of this dissertation is organized as follows. Chapter 2 addresses
the problem of predictor latency — the challenge of delivering branch predictions fast
enough to keep up with modern wide-issue processors. It surveys prior approaches,
analyzes the number of missing history patterns observed in practice, and presents
the design of an efficient ahead predictor along with its integration with the proces-
sor core and a full evaluation. Chapter 3 addresses the problem of history length
— the challenge of capturing long-range branch correlations without incurring pro-
hibitive storage, latency, and energy costs. It presents the key insight that predictable

branches are redundant in the history register, analyzes what should and should not
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be skipped, describes the full implementation including the locked table and blacklist
mechanisms, and evaluates the resulting predictor against state-of-the-art designs.
Chapter 4 concludes the dissertation with a summary of contributions and a discus-

sion of directions for future work.
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Chapter 2: Predictor Latency

2.1 The Problem

Branch predictors use lookup tables to identify the correlation between the
control flow leading up to a branch and its direction. As branches in the program
see many control flow patterns, large tables are necessary to capture all of them and
provide high-accuracy predictions. TAGE-SC-L [56] is the winner of Championship
Branch Prediction 5 (CBP5) [I] competition, where a 64KB version achieves 25.3%
fewer mispredictions compared to an 8KB TAGE-SC-L. In terms of logic complexity,
the initial two-level predictor design [65] with a global history and a global pattern
history table only required a single table lookup, but modern predictors like TAGE
require hashing, table look-ups, and a complex selection function to generate the
final prediction. Perceptron-based predictors [21], 26] require table look-ups and a
dot product computation for the final prediction. A recent proposal [66] even uses a
small on-chip CNN inference engine to generate predictions. Both large storage and

complex logic provide higher accuracy but increase predictor latencies.

To reduce the impact of this latency problem while maintaining high accuracy,
industry uses multi-level branch prediction |2, 17, 22] [45]. A small predictor generates
a prediction within the first cycle, but a larger and more accurate predictor may
override that prediction in the next few cycles. While this design provides the high
accuracy of a large predictor, it only provides the low latency of a small predictor
when it agrees with the overriding predictor. Each disagreement between the two

effectively stalls the prediction pipeline and adversely affects performance.

Fig. shows the impact of overriding predictor latency on processor per-
formance in SPEC CPU2017 [4] benchmarks. I use a 1K-entry table consisting of
PC-tagged 2-bit saturating counters as the single cycle predictor and TAGE as the
main predictor (the size of TAGE is fixed for all latencies in this study). A prediction
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Figure 2.1: Performance Impact of BP Latency

packet is generated every cycle unless there is a disagreement between TAGE and the
single cycle predictor. The IPC is normalized to a baseline with a 3-cycle overriding
predictor. A latency of 1 means that TAGE’s prediction is available at the end of the
first cycle and used as the single-cycle predictor. Completely removing the predictor
latency can provide a 6.48% IPC improvement. Each additional cycle of predictor

latency decreases the overall performance by 2.5%.

2.2 Prior Work and Alternative Solution
2.2.1 Multi-Level Prediction

Pipelining predictors is challenging because the prediction of the current branch
depends on the prediction of the preceding branch. Predictors use the current branch’s
PC and history as inputs, which are only available after the previous prediction is
generated. Industry products [2], 17, 22} [45] solve this problem with a multi-level pre-
diction scheme. A simple single-cycle predictor allows the next prediction to start on
the next cycle. This is supported by an overriding predictor that is larger and has a
longer latency but is more accurate. Both predictors start in the same cycle, but the
overriding predictor’s result arrives a few cycles later. This result is compared against
the single-cycle prediction. On a disagreement, it overrides the single-cycle prediction
via an early flush. Each early flush effectively stalls the prediction pipeline for N-1

cycles, where N is the latency of the overriding predictor. Single-cycle predictors are
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usually extremely simple due to timing constraints and, therefore, are significantly
less accurate than the overriding predictor. My experiments show that a 1K-entry
PC-tagged 2-bit counter has 10.8x more mispredictions across the SPEC CPU2017
benchmarks compared to a 64KB TAGE-SC-L on average and can have 1000x more
mispredictions in the worst case. Frequent early flushes significantly limit the predic-

tion throughput and hurt performance.

Multi-level prediction schemes also limit scaling both in terms of storage and
throughput. First, the storage budget of the overriding predictor is hard to scale
as it increases predictor latency. The performance degradation from the increased
latency often outweighs the performance improvement from having a larger predictor.
Specifically, doubling the predictor size to 128KB leads to a 0.07 Misses-Per-Kilo-
Instruction (MPKI) reduction across all of SPEC benchmarks but decreases IPC by
1.4%, assuming doubling the predictor size increases predictor latency by 1. Even
for the two benchmarks most sensitive to predictor capacity, gcc and leela (with an
MPKI reduction of 0.21 and 0.50, respectively), performance decreases by 0.1% for gec
and only increases by 0.9% for leela. Second, a multi-level predictor scheme limits
the predictor throughput because a longer predictor latency increases the number of
cycles during which the predictor is stalled. This decreases the effectiveness of a wider

frontend, which is critical for high performance.

2.2.2 Ahead Prediction

Ahead prediction breaks the dependency between consecutive branches by
using the current PC and history to predict a future branch. This technique hides
the prediction latency, as the prediction of the future branch is not needed until a few
cycles later. The number of branches skipped is called the ahead distance. However,
ahead prediction hurts prediction accuracy as the same ahead history and PC could

lead to multiple branches[] making it hard to know which one the prediction is for.

Lor the same static branch but with different missing history
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To mitigate the accuracy loss, prior work generates multiple predictions, one
for each possible path. Given N branches are skipped, there are 2V possible missing
history patterns since each branch can be either taken or not taken. When the
prediction is finally needed, the missing history (available after all the intermediate
branches are predicted) is used to select which of the 2V predictions to use. While
prior work successfully hides the prediction latency with minimum loss of accuracy,
they incorrectly assume that all the missing history patterns are likely to be seen and

thus generate 2"V predictions.

This design is impractical for ahead distances greater than one. Experimental
results show that an ahead distance of 5 is necessary to cover the entire prediction
latency (since, on average, more than one branch is fetched per cycle). A normal
TAGE predictor reads out from the bimodal table, 6 short history tables with 12-
bit entries, and 15 long history tables with 16-bit entries, resulting in 314 bits total
for each prediction; however, its ahead version based on the design suggested by
Seznec [55] would need to read out 10,048 (32x314) bits per prediction (for an ahead
distance of 5). My analysis shows that covering the entire prediction latency incurs

a 14.6x predictor energy overhead based on this design.

Furthermore, the problem worsens as the need to increase predictor capacity
continues to grow to fit the current code footprint, which increases predictor latency
and would require larger ahead distances. Because this design reads out exponen-
tially more bits per prediction as ahead distance increases, per-prediction energy also
increases exponentially. While it might be possible to use this design to hide 1 cycle
of latency, hiding the full prediction latency is impractical as the branch predictor

contributes to a significant proportion (3-4%) of the core power.

2.2.3 Decoupled Frontend

While the decoupled frontend[47] was originally proposed for instruction prefetch-
ing, it also hides the predictor latency if the predictor runs sufficiently ahead of fetch.
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It uses a queue between the Branch Prediction and Fetch stages to buffer fetch ad-
dresses generated by the Branch Predictor. This is commonly called the Fetch Queue.
If the predictor is running far enough ahead to buffer multiple fetch addresses in the
Fetch Queue, a flush from the overriding predictor does not stall the rest of the

frontend.

However, when there are not enough entries in the fetch queue, the decoupled
frontend cannot hide the latency of the main predictor. My experiments show that
11.14% of the total number of early flushes are not completely hidden by the decoupled
frontend and terminate a fetch packet early. The following three scenarios can cause

this:

e After a backend redirect, the fetch queue is flushed and thus empty. During the
next few cycles, any delay in the prediction pipeline is exposed to the fetch unit

and adversely affects performance.

e When the program is in a region with a high misprediction rate from the sin-
gle cycle predictor, the queue can become empty due to overriding predictor
flushes. Even if the fetch queue is full the rest of the time, these regions with
frequent flushes limit how fast instructions are delivered to the processor back-

end, hurting performance.

e When the program is in a region with a high taken branch density, the predictor
cannot operate at peak bandwidth. This limits predictor bandwidth, making it
hard to fill the fetch queue.

2.3 Number of Missing History Patterns

While prior work starts with the assumption that every missing history pattern
needs to be considered, I start by asking the question: How many missing history

patterns are observed at program runtime for a specific ahead history and
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PC? If the number of patterns is small, I can leverage this fact to implement an

efficient ahead predictor.

2.3.1 Experimental Results

I examine the benchmarks in the SPEC CPU2017 suite to answer the above
question. For each branch on the correct path, I collect the control flow leading
up to the branch and PC, along with the PC of the next 5 branchesE|. The control
flow is captured via a global history register similar to the one used in the 2-level
branch predictor[65]. The history and PC pair represent the ahead history and PC in
my experiment. The sequence of the next 5 branches represents the missing history
patterns observed. For each distinct control flow, I count the number of unique
patterns for the next 5 branches. I use no history, 32 bits of history, and 64 bits of
history, as shown in Fig. [2.2]

There are 32 (2°) possible paths for the next 5 branches, assuming they are
direct conditional brancheéﬂ. However, significantly fewer patterns are observed in

my experiment. I note a few important observations:

First, even when no history is used, the number of patterns observed is far
less than the theoretical maximum. This is because some branches are inherently
biased towards taken or not taken during a phase of execution or the entire program

runtime.

Second, using history can drastically reduce the number of patterns observed.
When no history is used, more than 4 patterns are observed 35.9% of the time on
average. But when 64 bits of history are used, I observe more than 4 patterns only

1.48% of the time.

Third, benchmarks with high MPKI exhibit more patterns compared to bench-
marks with low MPKI. Mcf, deepsjeng, leela, and xz come under this category. This

2T chose 5 branches for this experiment as this is the ahead distance used in my design
3If any of the 5 branches are unconditional, then the number of patterns can be infinite in theory
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Figure 2.2: Number of Patterns Under Control Flow

is because the predictability of intermediate branches determines how many patterns

are seen, as discussed in the following section.

2.3.2 Tying Everything Together

Fundamentally, most predictors work by assigning a saturating counter to each
control flow leading up to a branch. At the time of prediction, the predictor looks for
the counter assigned to the current control flow. As stated above, when the next N
branches are all predictable, the current control flow only leads to one path, resulting
in only one control flow N branches later. Thus, the prediction accuracy stays the
same whether the ahead history or current history is used. This can be achieved by

training the counter attached to the ahead history with the direction of the branch
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to be predicted.

Control Control
Flow X Flow Y

(A) (B)

Figure 2.3: Control Flow Examples

However, if the branch skipped when using ahead history is unpredictable,
prediction accuracy can drop significantly. Example B in Figure illustrates this.
Assume the predictor arrives at Bry under a different control flow Y that makes Brg
unpredictable. In this case, then both Bry, and Bry, are possible targets of Bry under
control flow Y, as shown in Fig. [2.3}B. If ahead prediction with an ahead distance
of 1 is used here (using the PC and history at Bry to predict the next branch), the
prediction counter associated with the control flow Y is trained by both Bry, and
Bry,. If Bry, and Bry, go in the opposite direction, then both become unpredictable
with the history at Brg even though Bry, and Bry, could be very easily predicted

with current history (which contains the direction of Bry).

Unlike other forms of aliasing in branch prediction that come from the history
folding mechanism and the hashing function, this form of aliasing comes from inade-
quate information in the ahead history. In summary, predicting using ahead history
works when only predictable branches are skipped. When unpredictable branches are
skipped, the predictor cannot identify which path it is on, adding additional aliasing
to the predictor. To remove the aliasing, the predictor must use the information

missing from the ahead history, which I will refer to as missing history.
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In the benchmarks I evaluated, most branches tend to be predictable. As seen
in Fig. 2.2) 71% of control flows only lead to one path after skipping 5 branches as
the skipped branches tend to be predictable. More than 4 patterns are seen when the
missing history contains multiple unpredictable branches, but this is rare (1%). I use

this insight to drive my ahead predictor design.

2.4 Designing an Efficient Ahead Predictor

Similar to prior work [23] 55], I generate multiple predictions from the ahead
history and pick between them using the missing history. However, unlike prior work
that accounts for all possible missing history patterns, I take advantage of the fact that
only a few paths show up at runtime. I leverage two TAGE characteristics: 1) TAGE
internally already reads out multiple counters, one from each history length, and 2)
TAGE handles conflicts during allocation between different counters in the same table
by promoting the allocation to a higher history. I use these two characteristics by
distributing entries corresponding to different missing history patterns across different
TAGE tables. I identify the missing history pattern that a counter belongs to with
an additional tag field, the secondary tag. Fig. shows the layout of a TAGE entry
in my new design. Note that TO (the bimodal table inside TAGE) remains untagged.

Secondary

Tag Counter | U

Primary Tag

Figure 2.4: TAGE Entry with Secondary Tag

TAGE generates an index and a tag for each history length based on the PC
and history. The selection logic picks the prediction from the matching table with
the longest[] history. In my design, the index and the primary tag are computed with
the ahead history and ahead PC. A matching primary tag indicates the counter is

intended for one of the previously observed missing history patterns under that ahead

4or second longest if alt-pred is used
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history. A mismatch in the main tag means the entry corresponds to a different ahead
history and should be ignored. My ahead predictor reads out one counter per table,
similar to baseline TAGE. I duplicate the selection logic to identify the longest (or
the second longest) matching counter for each possible value of the secondary
tag in parallel. If no primary tag match is found, the prediction from TO table is
used. When the prediction is finally needed, the secondary tag is computed based on
a hash of the missing history and is used to pick the final prediction. The secondary
tag width determines the number of patterns my predictor can distinguish and is

independent of the ahead distance.

Even though I duplicate the selection logic and generate multiple predictions,
the number of bits read out from each table only increases by the width of the
secondary tag. This number is far less than prior work [55] and does not increase

exponentially with the ahead distance.

My ahead predictor design is shown in Fig. 2.5] It includes 26 history lengths
(TO through T25) similar to baseline TAGE. I use a 5-bit secondary tag as my design
uses an ahead distance of 5 to cover a 3-cycle prediction latency. The next paragraph

shows an example to help outline the prediction process.

2.4.1 Predicting a Branch: An Example

Given a particular ahead history, the predictor generates indices corresponding
to the entries highlighted in red in Fig. These entries are then read out and a tag
comparison is performed. In the figure, there are 3 hits (based on the primary tag)
in tables T1, T2, and T21. These entries correspond to different missing histories
(secondary tags 1 and 31). The selection logic for each missing history value remains
the same as baseline TAGE. For example, the selection logic for missing history 1
only sees a hit for the counter at T2 and generates a prediction based on its value.
Similarly, the selection logic for missing history 31 sees hits in tables T1 and T24.

The rest of the selection logic groups see no table hits and use the prediction supplied
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Figure 2.5: Ahead 2-Tag TAGE Prediction Example

by the bimodal table (T0). Note that even though the entry out of T3 has a missing
history tag of 5, a mismatch in the primary tag indicates that the entry is not meant
for the current control flow and should be ignored. Once the intermediate branches
are resolved, I compute a hash based on the direction and target of the intermediate
branches. The result of the hash would be the secondary tag for the branch I am

predicting and determines the final prediction.

2.4.2 Selection Function/Secondary Tag

Prior work uses the directional history of the missing branches to pick between
the generated predictions. For example, if the two missing branches were TAKEN,
NOT TAKEN, then the secondary tag would be 10. This approach, however, has
two major shortcomings. First, it cannot handle indirect branches as they could have
multiple different targets but always a taken direction. Second, using the direction
directly couples the length of the secondary tag with the ahead distance and makes
it difficult to increase the ahead distance. I solve these problems by hashing together
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the targets of the missing branches. The generated hash length is independent of the
ahead distance and allows increasing the ahead distance without increasing tag width
(see Section [2.6.4). In fact, even using 1 bit of tag is enough to provide 2.2%
performance and incurs only 20% of the corresponding area and energy

overhead compared to using a 5-bit secondary tag.

The selection function is computed based on the algorithm described in Fig.
and does not depend on any of the TAGE outputs for the current prediction. It is
implemented as a regular 32-to-1 MUX (unlike the priority MUX logic at the end of
TAGE). This results in lower latency and can be done in a single cycle. A software

implementation of the hash function is described below.

for every branch skipped {
addr = branch.pred_target
selection = selection XOR addr[6:2] XOR addr[11:7]
selection = ROTATE_RIGHT_BY_1(selection)

}

Figure 2.6: Missing History Hash Algorithm

2.4.3 Updating the Predictor

When a branch resolves, it follows the baseline TAGE update algorithm to
update the counter and the usefulness bit based on the entries that provided the
prediction. If an allocation is required, I again follow the baseline algorithm to find
an existing entry to replace. The allocated entry is populated with the appropriate
secondary tag to its corresponding value. Note that if a branch wants to allocate to
an entry already containing a useful entry with the same primary tag but a different
secondary tag (i.e., a different pattern corresponding to the same ahead history), the
allocation is promoted to the next table. This follows the same algorithm that TAGE

uses when dealing with conflicts.
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2.4.4 The Importance of Having Few Patterns

Baseline TAGE relies on its allocation algorithm to place each counter in the
table best suited for that branch (based on the history length required to predict
that branch). During an allocation conflict, TAGE takes advantage of the fact that
each table uses a different history length to compute the index. Since the histories
used are different for each table, entries that conflict in one table are unlikely
to conflict in other tables. This allows TAGE to minimize conflicts across the
tables. In my design, indices are calculated using the ahead history and PC. This
forces counters with the same ahead history but different missing history patterns to
always use the same input to compute the indices for every table. As a result, they
always conflict with each other in every table because they all have the same index
for each table. The conflicts in allocations force these counters to reside in different
tables. However, if there are too many patterns, these counters may experience many
unnecessary promotions to a higher history, even if they could easily be predicted
from a lower table using a shorter history. This increases the capacity pressure on
the higher histories tables and hurts accuracy. However, because there are only fewer
than 3 patterns most of the time (97%), these conflicts are minimized and do not

significantly impact prediction accuracy.

I compare the prediction accuracy of branches in my ahead predictor with
baseline TAGE. I categorize each branch based on the number of missing history
patterns its corresponding ahead history observes, and the results are shown in Table
. This shows that branches with only a few missing history patterns (1-3) see
very little degradation in accuracy with my ahead predictor. For branches with more
patterns (> 3), the accuracy drop is more significant due to the additional conflicts
as explained above. However, since this is rare, its impact on overall accuracy is
small: for all branches, my ahead predictor only decreases the prediction accuracy by

0.067% compared to baseline TAGE across all benchmarks in SPEC2017.
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Number of Missing 1-3 4-6 | 7 and above Overall
History Patterns (All Branches)
Misprediction 0.065% | 0.15% 0.16% 0.067%
Rate Delta

Table 2.1: Accuracy Diff between Ahead Predictor and Baseline

2.5 Integration with Core

Multi-Cycle BTB

Cycle -3 . Cycle -2 . Cycle -1 . Cycle O . Cycle 1 . Cycle 2
l I . Single .
Ahead Pipelined TAGE ' [Cycle BTB|: :

Figure 2.7: Prediction Timing Diagram

Fig. shows the timing diagram for predicting Branch N. Cycle 0 is when
the PC and full history of branch N become available and when the prediction of
Branch N is needed. The ahead predictor starts predicting branch N several cycles
earlier, using the PC and history of Branch 0, where N is the ahead distance. This
prediction (in most cases) becomes available in cycle 0. In cycle 0, the PC of branch
N is used to access both the single-cycle BTB and the multi-cycle BTB for the target
of Branch N. The target from the single-cycle BTB and the ahead prediction results
are used to determine the next fetch address. On a single-cycle BTB miss, the branch
is assumed not-taken until the multi-cycle BTB access is completed, and a late flush
is issued if the prediction was taken. Note that the single-cycle BTB and multi-cycle
BTB use the current PC (PC of branch N), thus are not ahead pipelined and operate

identically to the baseline.

Fig. shows the ahead prediction pipeline. The ahead predictor uses the

current PC and current history to generate a prediction for the branch exactly N
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Figure 2.8: Prediction Pipeline

ahead (branch N is predicted with the PC and control flow at branch 0). The ahead
predictor generates 2 predictions (for an M-bit secondary tag), which are saved to

the prediction queue after 2 cycles.

The prediction queue entry is read out when the PC reaches branch N. At this
point, intermediate branches have been predicted, and their directions are used to

pick the final prediction for branch N among the 2 predictions.

2.5.1 Single-Cycle Override

Both prior work [55] and my design suffer from counter duplication for branches
that could have been accurately predicted with a short history (less than the ahead
distance). For example, in a baseline non-ahead pipelined TAGE, if a branch is biased
to be either taken or not taken, a single entry in table TO can accurately predict the

branch. However, when the predictor is ahead-pipelined, a counter is needed for each
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of the possible ahead histories that lead to this branch. If there are multiple control
flows that lead to this branch, multiple counters are needed, making the branch
much harder to predict. I mitigate this problem by keeping the baseline single-cycle
predictor: the 2-bit counter in each entry of the single cycle BTB. This predictor
helps deal with these branches as it only uses the current branch PC to generate its
prediction. I allow predictions from the single cycle predictor to override the ahead

predictor if they are more confident.

A 3-bit counter per branch in the single-cycle predictor is used to track the
usefulness of the predictor entry. The counter is incremented when the bi-modal
prediction is correct and the ahead prediction is wrong. The counter is decremented
when the ahead predictor is correct and the bi-modal predictor is wrong. The counter
stays the same if they are both correct or both incorrect. The counters are updated
when the branch retires. If the counter value is over a threshold of 2, the ahead
prediction is ignored and single-cycle prediction is used. Overall, this provides a 1%

performance benefit across all of SPEC2017 benchmarks.

2.5.2 Prediction Queue Management

The prediction queue buffers all the predictions generated by the ahead pre-
dictor. It is implemented as a circular buffer. Each entry in the prediction queue has
one ready bit and one bit for each prediction generated (33 bits total for a secondary
tag width of 5, 1 bit for the valid bit, 1 bit for each of the possible 2° secondary tag
values). An entry is allocated to this queue with ready bit set to zero. The ahead
predictor populates the predictions in that entry when generated, and sets the ready
bit to one. The prediction queue is controlled with three pointers: an allocation
pointer, a read pointer, and a write pointer. Predictions are read out of the entry
pointed to by the read pointer when the branch that needs these predictions is seen.
This also increments the read pointer by 1. At the same time, the prediction for a
future branch is started and a new entry is allocated in the prediction queue. This

increments the allocation pointer by 1. When the predictions from TAGE are ready,
42



they are recorded in the entry pointed to by the write pointer. This action also sets

the ready bit, and increments the write pointer.

Note that when the machine starts, the first N branches do not have predictions
from the ahead predictor where N is the number of branches skipped. To account for
this, the read pointer is initialized to 0, the write and allocation pointers are initialized
to N-1. The size of the prediction queue is the sum of the maximum number of in-
flight branches and ahead distance. This guarantees that the prediction queue never

overflows and does not introduce any additional stalls.

2.5.3 Late Predictions

Modern processors predict up to the first taken branch per cycle, thus the exact
number of branches that are seen in 3 cycles is not fixed. Although an ahead distance
of 5 branches covers 3 cycle latency most of the time, it is possible for a prediction
to arrive late. In the event that a prediction arrives later than it is needed, the result
from the single-cycle predictor is used. When the ahead prediction becomes available,
I compare it against the single-cycle prediction. If this prediction agrees with the bi-
modal prediction, then no further action is needed. Otherwise, the predictor can issue
an early pipeline flush, and the prediction pipeline can start from the new address on
the following cycle. Alternatively, a simpler but less performant design can be done
by always stalling the prediction pipeline when the ahead predictor is late. This still

provides 2.4% of IPC improvement over baseline.

2.5.4 Prediction Pipeline Restart

My design handles misprediction flushes by manipulating the read, write, and
allocation pointers to the prediction queue. For each branch, I checkpoint the read
and allocation pointers at the time of prediction. If this branch is mispredicted, the
allocation pointer and read pointer are moved to their respective checkpointed values

plus 1. The new write pointer is set to be the same as the allocation pointer since
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all prior predictions have finished by then. By doing so, all entries in the prediction
queue where the predictions are made with ahead history containing the mispredicted
branch are effectively removed (as the mispredicted branch only shows up in the ahead
history 5 branches later). Notice that after the flush, there are 4 predictions after the
mispredicting branch remaining in the queue. These predictions were made with an

ahead history that did not contain the mispredicted branch.

Similar to prior work [55], my predictor does not incur any extra misprediction
penalty and can start immediately after a misprediction flush. The main idea here
is that the predictions for the branches on the new paths are already computed
via the ahead history before the misprediction as they do not use the direction of
the mispredicted branch. By simply buffering up the predictions (1 bit per missing
history pattern value per branch) until the branch they were intended for retires, I

achieve high prediction accuracy right after a pipeline flush at minimum overhead.

Fig. shows what happens if Bry is mispredicted by my ahead predictor. I
show the state of the prediction queue when Bry enters the prediction pipeline, when
the misprediction is detected, and after the recovery is finished. Notice that after the
recovery, the prediction for Brx,; still remains in the prediction queue and can be
read out immediately. Note that while the relative positions of the read pointer and
the alloc pointer are always separated by the ahead distance, the write pointer can be
anywhere between the read pointer and the alloc pointer depending on the number

of branches encountered per cycle.

2.5.5 Critical Path Analysis

In the cycle when a prediction is needed, an entry is read out from the pre-
diction queue and the selection logic picks the final prediction. Unlike the TAGE
internal selection logic, my final selection logic does not depend on the predictions
themselves, thus it can be done in parallel with reading from the prediction queue.

The critical path of delivering the prediction includes the read from the prediction
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Figure 2.9: Prediction Queue Recovery Example

queue and the propagation delay through the muxes, and should not increase the

critical path of that stage.

2.5.6 Hardware Overhead Analysis

The main hardware overhead is the secondary tag in the TAGE predictor. A
5-bit secondary tag introduces an additional 18.75KB of storage in the predictor. The
prediction queue is sized to be 133 entries. Each entry in the prediction queue is 33
bits, resulting in 549B of storage overhead. The additional counter in the single-cycle
predictor is 3 bits per entry and results in 384B storage overhead. Overall, my design
adds 19.65KB of area overhead. Note that I provide the comparison between my
design and a large baseline TAGE to match the storage in Sec. 2.6.7]
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2.6 Evaluation
2.6.1 Methodology

Core 3.2GHz, 16-wide issue
512 Entry ROB, 256 Entry Reservation Station
Caches 32KB 8-way L1 I-cache & D-cache 4-cycle access
1MB 16-way LLC cache 18-cycle access, 64B lines
Memory DDR4 _2400R: 1 rank, 2 channels

4 bank groups and 4 banks per channel
tRP-tCL-tRCD: 16-16-16

Single Cycle Predictor

1K-entry 4-way target buffer
2-bit saturating counter per entry

Main Predictor

8K-entry 4-way target buffer
TAGE: 8K entry TO, 6 short histories, 15 long histories
10 1k-entry short tables, 20 1k-entry long tables
Total Capcaity: 56.63KB
up to 1 taken branch per cycle, 3-cycle latency

Predictor Bandwidth

Up to the first taken or 16 instructions

Fetch Bandwidth

Up to 16 instructions

Fetch Queue

8 Prediction Packets

Table 2.2: Simulation Parameters

To evaluate how my predictor design affects prediction accuracy and overall

processor performance, I simulate the micro-architecture of an aggressive out-of-order

core in an execution-driven cycle-accurate x86-64 simulator [3]. The system details for

the baseline Oo0O core and additional structures for my ahead predictor are listed in

Table[2.2] My baseline models a very aggressive OoO core that contains a multi-level

predictor and a decoupled frontend.

I use TAGE as the main predictor as it is the most common predictor found

in products today and is the main component of the TAGE-SC-L predictor [56]. The
baseline TAGE predictor is configured exactly as the TAGE predictor from TAGE-

SC-L in CBP5[1]. Ahead pipelining the statistical corrector (SC) is expensive because

it requires multi-porting the internal tables. The loop (L) predictor is a small table
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and can likely be looked up in a single cycle. Overall, SC and L only provide modest

performance improvements (1.11%) over the baseline TAGE.

I use all applications from SPEC CPU2017 (speed) in my evaluation. I use the
SimPoints Methodology [61] to generate up to 5 simpoints for each input set, with

200 million instructions per simpoint.

2.6.2 Results
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Figure 2.10: MPKI of Baseline TAGE and My Ahead Predictor
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Figure 2.11: Normalized Performance Improvement

I first evaluate the performance impact of my ahead predictor compared to the
baseline TAGE. Fig. [2.10| shows the MPKI of baseline single cycle predictor, baseline
TAGE and my ahead predictor. On average, my predictor is within 0.1 MPKI of
the baseline TAGE. Fig. [2.11] shows the normalized performance of using my ahead

predictor compared to a baseline out-of-order core with multi-level prediction. I also
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compare my scheme against an oracle where the TAGE latency is reduced to 1 cycle
and is used as the single cycle predictor. Overall, my design provides 4.4% geomean
[PC improvement. This is within 68% of an ideal solution (single cycle TAGE that

provides 6.42% performance improvement) while still being physically realizable.

Exchange, bwaves, and cams benefit the most because they are bound by the
instruction supply and do not suffer from much backend pressure. Moreover, these
benchmarks suffer from high single cycle predictor MPKI, but have low MPKI on
TAGE, which makes ahead prediction a good choice for them because they do not
exhibit many missing history patterns. Leela, mcf, and xz show some performance
improvement with an oracle single-cycle TAGE, but my design is unable to capture
all the missing history patterns as there are many clustered unpredictable branches
in these benchmarks. In omnetpp and xalanchmk, my ahead predictor has a better
MPKI but shows worse performance. This is because wrong path instructions in
these benchmarks help prefetch data that is eventually useful, and removing these
mispredicting reduces this prefetching effect. Gcee loses performance because of the
large number of static branches. This increases the capacity pressure on my ahead
predictor as explained in Sec. [2.5.1] decreases the predictor accuracy, and adversely

affects performance.

Using TAGE-SC-L as the baseline: Compared to a non-ahead pipelined
TAGE-SC-L, my TAGE-only ahead predictor implementation provides 3.3% IPC im-

provement.

2.6.3 Energy Comparison against Prior Work

The main difference between my predictor design and prior approaches is that
my design generates multiple predictions under the same ahead history more effi-
ciently. Prior work generates predictions by reading consecutive entries out of each
prediction table, leading to a drastic increase in the number of bits read out per pre-

diction. This increases exponentially with the ahead distance, making it infeasible
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to implement for large ahead distances. My design reads out one entry per table,
but each entry contains a few more bits. These bits correspond to the secondary tag

which scales linearly with ahead distance.

Both my design and prior work require duplicating the selection logic with
each possible missing history value. Since the selection only involves comparators,
MUXes, and reading from the small alt-pred table (16 entries), the energy required
from this is significantly less than the table reads. Thus I approximate the energy

required per prediction by measuring the energy of the table reads.

TAGE table reads account for the majority of the energy consumed per pre-
diction. The number of bits read out is directly correlated with the energy needed
to access the prediction tables. Thus, the energy consumption of my design increases
linearly with the ahead distance while the energy of prior work[55] increases exponen-
tially. T use Cacti[40] to simulate the energy required for each prediction. The baseline
model consists of a bimodal table (8K entries with a 2-bit port), 6 short history tables
(1K entries with a 12-bit port), and 15 long history tables (1K entries with a 16-bit
port). As ahead distance increases, prior work would double port sizes in each table.
In my ahead predictor, as ahead distance increases, the port size only increases by
1 in each table (except for the bimodal table). Fig. shows the per-prediction
energy (normalized to baseline TAGE) required for different ahead distances. The
numbers show that the scaling is much better for my design which makes it practical

to implement even for large ahead distances.

2.6.4 Secondary Tag Size

A longer secondary tag increases the area and energy overhead; however, it
makes it easier to differentiate between missing history patterns for the same ahead
history. This reduces the amount of aliasing caused by ahead prediction. A shorter
secondary tag is more efficient and adds less area overhead. I evaluate my design at

an ahead distance of 5 with 0 to 9 bits of secondary tag. A tag width of 0 means
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Figure 2.12: Normalized Energy vs. Ahead Distance

that the predictor just uses ahead information and does not use any missing history

information.
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Figure 2.13: MPKI vs Secondary Tag Size

Fig. shows the MPKI of my predictor for different secondary tag widths.
A tag width of 0 suffers the most aliasing and has a much higher MPKI than baseline
TAGE. As the tag width increases, the amount of aliasing reduces and so does the
MPKI. The benefit of adding more tag bits shows diminishing returns: After a tag

width of 4, the MPKI reduction is minimal. In terms of performance, using 1 bit
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of tag is enough to provide around half the benefit (2.2% performance) which shows
performance is even more skewed when it comes to the diminishing returns. I chose
to go with a 5-bit tag to get the highest possible performance, but the tag width
being decoupled from the ahead distance provides a wide design space to optimize

the ahead predictor design.

2.6.5 Ahead Distance

Fig. shows the MPKI of my ahead predictor and prior work as ahead
distance increases from 3 to 7. With a longer ahead distance, more missing history
patterns are exposed. My solution performs slightly worse than the prior work, as
prior work considers all possible missing history patterns. However, the per-prediction
energy increases exponentially as explained in Sec. [2.6.3], making prior work impossible

to be implemented.

My baseline uses a 3-cycle TAGE predictor. Experiments show that an ahead
distance of 5 can cover the entire prediction latency 91.3% of time. Fig. [2.15 shows
the normalized IPC of my predictor as the ahead distance increases (the secondary
tag increases with the ahead distance). In my design, an ahead distance of 6 covers

almost all of the predictor latency.
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2.6.6 MPKI vs Number of Tables Read

Fig. [2.16] shows the MPKI of my ahead predictor as the number of tables
read per prediction decreases from 21 to 14. I use the banking interleaving feature
introduced in the latest version of TAGE, where the number of histories is less than
the number of physical tables. This allows us to change the number of tables read per
prediction without changing the underlying capacity of TAGE. In this experiment, I
gradually remove the number of 2-way histories in TAGE until all histories are 1-way.
More tables read per prediction help with the distribution of counters from the same
ahead history. However, this effect does not show up significantly until only 14 tables

are read per prediction.

2.6.7 ISO-Area Comparison

The secondary tags incur 18.75KB of extra storage. If the same storage is
applied to the baseline TAGE at the same latency, it can only achieve 0.13 MPKI
and 0.19% performance improvement over baseline, much lower than what my ahead

prediction scheme offers.
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2.7 Related Work

Unlike the TAGE predictor that attaches a prediction counter to a particular
control flow, Perceptron Branch Predictor [21] uses a weight for each bit in the history
representing its contribution to the overall prediction and sums all the weights up
at the time of prediction. The latency of Perceptron is later improved [19, 24] by
computing the sum as the directions of the previous branches are made available.
Therefore, only one addition is needed during the last cycle. However, this approach

only applies to perceptron.

Loop cache allows the processor to replay instructions in a short loop, usually
at full fetch/issue width. In this case, the predictor is bypassed completely, and no
predictor latency is observed. There have been many adoptions from industry, but
these techniques take a long time to lock on to the loop, and can only be applied in

very limited cases.

Recent work [11] has shown that predictor storage in current designs does not
fit the application footprint of server workloads. While there have been multiple pro-
posals to mitigate the capacity pressure on the BTB [27, 28] [32] [46] 62], very few
works have been published on predictor capacity. Whisper [29] uses offline profile in-

formation to determine a static prediction function for predictable branches. In doing

93



so, predicting these branches does not require capacity in the main predictor, leaving
more capacity for other branches. Last-Level Branch Predictor[49, [50] proposes using
secondary storage to back up the main predictor, and a prefetcher to manage the
secondary storage. While my design can eliminate the prediction latency, it cannot
increase the prediction size indefinitely for 2 reasons. The larger predictor size leads
to a longer ahead distance and can negatively impact performance as explained in
Section [2.6.5 In addition, the physical location of the main predictor is near the pro-
cessor frontend, where the on-chip area is extremely contested. A prefetcher approach
like the Last-Level Branch Predictor [49] can enable larger predictor designs beyond
what an ahead prediction approach can provide. I believe all three approaches can

be combined in the future.

My ahead prediction scheme increases the effective predictor throughput. This
is because each early pipeline flush from the disagreement between TAGE and the
single-cycle predictor effectively stalls the prediction pipeline for 2 cycles, making
the prediction throughput only 1/3 of its peak throughput. FDIP [47] relies on the
addresses generated by the branch predictor to prefetch into the I-cache. A faster pre-
diction unit allows the predictor to run further ahead, providing more opportunity for
prefetching. APF [12], CDF [10], Precise Runahead Execution [41], and TEA [I3] use
the main predictor to generate the critical/runahead control flow. A faster predictor

would enable all of these works to run further ahead and extract more performance.

2.8 Conclusion

Modern branch predictors are large and complex. They cannot predict branches
within a single cycle, introducing bubbles in the pipeline and hurting processor perfor-
mance. Ahead prediction is a widely proposed solution to this problem but drastically
increases prediction energy as exponentially more entries are read out for each branch

skipped, making building such a predictor impractical.
I show that only a few missing history patterns are observed in the program’s
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runtime. Using this insight, [ present a new approach for building ahead predictors
that does not require reading exponentially more entries for large ahead distances. My
ahead predictor provides a 4.4% performance improvement while increasing power by
only 1.5x, as opposed to prior designs that incur a 14.6x energy overhead. By hiding
the predictor latency from the rest of the pipeline, my work allows for larger and

more complex predictors and better pipelining width scaling.
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Chapter 3: Achieving a Longer Effective History
via Pruning Predictable Branches

3.1 The Problem

The accuracy of modern branch predictors often relies on capturing corre-
lations that span hundreds or even thousands of dynamic branches. For example,
TAGE-SC-L [56], the winner of CBP5, uses a 3000-bit global history register, while
RUNLTS [31], the winner of CBP6, uses a 4316-bit history register. These long his-
tories allow predictors to learn correlations between branches separated by thousands
of instructions, capturing patterns that are crucial for minimizing mispredictions in
complex workloads. Figure [3.1] shows that increasing the size of history register re-

duces MPKI, confirming that longer histories are desirable.
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Figure 3.1: MPKI vs. History Length

However, as discussed in Section |3.2.3] simply increasing the size of the global
history register comes at a high cost in storage, recovery latency, and energy, making

straightforward history scaling impractical.

The key insight from my study of predictable branches offers a solution: pre-

dictable branches do not introduce new control-flow information and therefore do not
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provide new information to the global history register. Consider Listing [3.1} a code
example with 4 branches. Both branch 3 and branch 4 are predictable. A naive ar-
gument would suggest that B4, which strongly correlates with B3, requires B3 in the
history to be predicted accurately. However, B3 is predictable precisely because its
outcome is determined by B1 and B2, which are already in history. Any downstream
branch correlated with B3 is therefore equally correlated with the existing history
— making B3’s history bit strictly redundant. By selectively excluding predictable
branches from history updates, the predictor can effectively extend the history avail-
able for capturing meaningful correlations without physically building a longer history
register, retaining high accuracy while reducing the overheads that traditionally make

long histories impractical.

if A { ... 3% // Bl: hard, genuinely uncertain
if B) { ...} // B2: hard, genuinely uncertain
if (A& B) { ... 1%} // B3: predictable,
// outcome deterministic based on Bl and B2
if ('A |l 'B) { ...} // B4: correlated with B3

Listing 3.1: Predictable branch redundancy example

3.2 Background and Prior Work
3.2.1 TAGE

TAGE [59] is the most common branch predictor in modern processors today.
Every predictor submission [6] [7, 15 25 B31], 34 [39, [48], 58] in the 6th Championship

Branch Prediction Competition [5] builds on TAGE as its core component.

On a high level, TAGE keeps multiple tables, each associated with a different
history length. A new branch would be predicted with no history(out of the bimodal
table), and then progressively predicted with higher history table after each mispre-
diction until the branch stops mispredicting. At the time of prediction, TAGE uses
the branch PC and the specified history length for each table to generate a tag and

index for each table. Once that is done, all tables are read in parallel at the computed
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index, and the tag stored in the entry is compared against the tag that was computed.
A tag match (hit) indicates this entry is likely intended for the current branch under
the current control flow. If there are multiple hits, TAGE picks the prediction from
the longest history table that was a match.

In addition to the GHR, TAGE maintains a path history register (PHIST)
that tracks the PCs of recently executed branches. While the GHR is long — span-
ning hundreds of bits — and captures deep control-flow context, the path history is
short, typically tens of bits, and captures only recent control-flow information. Both

histories are used to generate the index and tag during prediction.

3.2.2 Baseline History Update

While academic predictors typically assume one history update per branch
regardless of direction, modern branch predictors update the history registers once
per prediction packet. A prediction packet is a group of branches predicted together
in a single cycle, terminating at the first taken branch encountered during prediction.
Both path history and the global history are updated based on the hash of the branch
PC and target PC. Updating once per packet on the taken branch provides equivalent
information to updating on every branch: since a taken branch naturally delineates
the boundary between packets, its occurrence implicitly encodes where all preceding
not-taken branches fell, preserving the full control-flow information of the packet in

a single update.

3.2.3 Why Naive History Scaling Is Difficult in Practice

Despite significant effort, no existing recovery mechanism scales gracefully to
the history lengths that modern high-accuracy predictors require [31, 56]. Three
methods are commonly used, each managing the tradeoff differently, but all sharing a
fundamental limitation: their costs grow with history length in ways that make very

long histories impractical.
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3.2.3.1 Checkpointing

The checkpointing approach saves the entire state of the history registers at
the time of prediction to a dedicated memory. On a misprediction, the processor reads
the checkpointed history so that the resulting history reflects the current control flow.
While simple in concept, this approach cannot support very long history sizes due to

two reasons.

e Storage overhead: Each speculative branch requires its own history checkpoint.
As processors today contain a large instruction window, the number of check-
points required can be substantial. For example, to support a processor with an
instruction window of 1000, the checkpoint has to be able to support up to 250
branchesE]. Supporting long history size such as 3000 bits as proposed in [56]

would incur a storage overhead of 732KB worth of storage.

e Latency to read the checkpoint from the storage: When a misprediction is de-
tected, the processor issues a pipeline flush so that the correct-path instructions
can be fetched and sent to the processor backend. A larger checkpoint storage
would increase the time it takes to read out the checkpoint, thus delaying the
pipeline restart, adversely affecting the overall performance. Prior work[12] has

shown that each additional cycle in the pipeline restart after a flush decreases

the IPC by 1%.

3.2.3.2 Backwards Shifting

An alternative is to implement the history register as a shift register. The
shift register is made of two parts, a visible region that is available to the branch
predictor at prediction time, and shadow region that is used for recovery only. Each
update would shift the history register forward, causing some bits to leave the visible

region and move into the shadow region. On a branch misprediction flush, the bits

! Assuming 1 in every 4 instructions is a branch.

29



in the shadow region are shifted back as if the branch misprediction never happened.
While this eliminates the need for a large checkpoint storage, it still suffers from high

energy and long latency to recover to the correct history:

e Energy: Every history bit must be shifted on each update, leading to high

dynamic power consumption, especially for long history registers.

e Latency to recover on a pipeline flush: The recovery process now involves a large
rotator, where the rotation amount equal the (maximum number of in flight
branches * the number of bits shifted per branch). This can add significant

delays to pipeline restart, decreasing performance.

3.2.3.3 Circular Buffer

Another recovery mechanism stores history in a circular buffer with a head
pointer. While this approach minimizes both checkpoint storage and recovery la-
tency, it introduces significant latency at prediction time. Similar to the shift register
implementation, the circular buffer is divided into two regions, a visible region and
a shadow region. Each branch checkpoints only the head pointer during prediction.
When a misprediction occurs, recovery simply moves the head pointer back to the
checkpointed location, requiring no shifting or rotating during a pipeline flush. How-
ever, since the head pointer can point to anywhere in the circular buffer at prediction
time, a rotator must support shifting by up to the full size of the circular buffer, often
in the range of thousands of bits. This design drastically increases the prediction

latency, making this implementation impractical.

Together, these issues illustrate why naively scaling history length — simply
allocating more bits to the history register — is not a practical solution. Each recovery
mechanism introduces its own tradeoffs between storage, recovery latency, prediction
latency, and energy, and these costs grow with history length. This motivates mecha-
nisms that allow the effective history length to grow without proportionally increasing

the physical history register.
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3.2.4 Prior Work

Prior work has recognized that not all branches contribute information to
the global history. The Bias-Free Branch Predictor [16] observes that highly biased
branches — those that are virtually always taken or not taken — are redundant in
the global history. Since a nearly constant variable has near-zero variance, it cannot
meaningfully correlate with any other branch, and therefore contributes no predictive
value to the history register. By filtering such biased branches from the global history,
the Bias-Free branch predictor increases the effective history length for perceptron-

based predictors.

My work addresses a strictly broader class of redundancy. A biased branch
is always predictable — its near-constant outcome is trivially determined regardless
of history context. However, a branch need not be biased to be predictable. A
branch whose marginal distribution is close to 50/50 can still be fully predictable if
its outcome is already determined by the existing history. My predictability criterion
therefore strictly subsumes the Bias-Free criterion — every branch that Bias-Free
filters from updating the history is also filtered by my approach, but my approach
additionally identifies branches that are contextually predictable yet not statistically
biased.

3.3 Branch History Pruning Algorithm

Determining which branches to skip is more nuanced than simply filtering
branches that are predictable. Several categories of branches require special consid-
eration to ensure that skipping does not inadvertently degrade prediction accuracy.
This section examines each case and discusses how to handle them, both analytically

and empirically.
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3.3.1 What to Skip?

Since the history update happens at the packet granularity, the prediction
packet is eligible to skip its history update only if every branch within the packet —
including the taken branch that terminates it — is eligible for skipping. If any branch
in the packet is ineligible, the packet updates the history as normal. This ensures

that no branch’s control-flow information is lost.

3.3.1.1 Backward Branches

Consider the example in Listing [3.2, a simple loop that iterates ten times
before exiting. Under normal history updates, the loop branch would modify the
history at the end of each iteration, allowing the predictor to implicitly encode the
iteration count and distinguish the final exit from earlier iterations. If the loop
branch skips history updates, however, all iterations appear identical to the predictor
— the program counter and global history are the same on every iteration, making it

impossible to distinguish early iterations from the final exit.

This problem extends beyond loop branches to any backward branch that
skips a history update, as a backward control transfer may cause execution to revisit
the same static branches without any history change. Forward branches do not cause
this problem — since branches after a forward branch would never have the same PC.
Backward branches, however, can make distinct dynamic instances of the same static

branch indistinguishable to the predictor, significantly degrading prediction accuracy.

loop_start: mov ecx, 10 ; loop count = 10
; loop body
dec ecx ; decrement counter
jnz loop_start ; branch if not zero

Listing 3.2: Ten-iteration loop Example

To solve this problem, a global counter is introduced to keep track of the
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number of backward branches since the last update to the history register. This
counter is incremented by 1 on each backward branch that skips the history update
and is cleared to 0 when any branch updates the history register. This counter allows
the predictor to differentiate different dynamic instances of the static branch without
having the backward branches update the history register. For each branch instance
where the counter is non-zero, I use a virtual PC (VPC), a technique introduced
by [30], to predict such a branch. The VPC of the branch is computed by adding the
original PC to the global backward counter.

However, incrementing the PC risks the VPC colliding with the PC of another
static branch, causing the predictor to alias two distinct static branches. To mitigate
this, a history update is forced when the counter reaches a predetermined threshold,
bounding the maximum VPC displacement. Table compares three history update
strategies for the loop in Listing . In the baseline (no skipping), each iteration pro-
duces a unique history H; through Hiy, allowing the predictor to clearly distinguish
the exit condition at iteration 10. Under naive skipping, all iterations share the same
PC and the same history H. This means that the first 9 iterations become indis-
tinguishable from the last iteration, making it impossible to predict the exit branch.
With the VPC mechanism, each iteration uses a different VPC, allowing the predictor
to distinguish each iteration from one another. In this example, the maximum value
of the global backward counter is set to 4, forcing a history update after iteration 5,

as shown in the example.

Note that the counter is cleared on every history update, not just updates from
backward branches. This means that if any other branch in the loop body updates
the history, the counter resets automatically, and the loop branch’s VPC remains at
PC + 0. The mechanism naturally avoids unnecessary forced updates without any

special-case logic.

Not all predictor components benefit equally from VPC disambiguation. In
TAGE, the bimodal table is indexed by PC alone and captures the overall taken/not-
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Iteration I\I(%ii{éﬁgg)lg Naive Skipping || VPC Skipping
PC| Hist || PC Hist VPC | Hist

L PC| H, || PC H PC+0| H

2 PC| H, |PC H PCr1| H

3 PC H, PC H PC+2| H

1 PC| H, |PC H PC+3| H

> PC| H; |PC H PCt+4| H

6 PC Hg pPC H PC+0| H

9 PC H, pPC H PC +3| H

10 PC | Hy PC H PC+4| H,

Table 3.1: Comparison of history update strategies for a 10-iteration loop.

taken tendency of a branch across all its dynamic instances. Applying the VPC would
cause each dynamic instance to map to a different entry, fragmenting this estimate
across iterations and preventing the table from accumulating sufficient observations
to make accurate predictions. Instead, the bimodal table is always indexed with the
original PC, while all history-based tables use the VPC together with the specified
history length.

3.3.2 Direct Unconditional Branches

Direct unconditional branches never introduce a new control flow pattern be-
cause they unconditionally jump to a statically determined target. As a result, they
do not carry any information about the control flow, and can be safely skipped on

history update without decreasing prediction accuracy.

3.3.2.1 Calls and Returns

Calls always update the history register, encoding the call site context into the
global history. Returns, despite having data-dependent targets, are unconditionally

skipped from history updates. Since the return target is fully determined by the
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call site, and the call is already present in the history, the return cannot introduce
a new control-flow path beyond what the call has already established. By the same
argument as predictable branches, the return’s history update is strictly redundant

and can be safely omitted.

3.3.2.2 Other Indirect Branches

Indirect branches, where the branch target depends on either register or mem-
ory values which varies at runtime, are handled using ITTAGE [? |, the indirect
branch counterpart to TAGE. Since ITTAGE is also based on history-to-target cor-
relations, the same skipping policy applies directly — a predictable indirect branch
does not introduce new control-flow information and can be excluded from history

updates under the same criteria as direct branches.

3.3.2.3 Branches That Depend on Deep History

For branches that are only predictable with a long history, although updating
the history register does not add new information, it can still provide benefits by
effectively bringing the relevant correlation to the front of the history register and
preventing it from being pushed out. Consider the following example in Listing 3.3,
assuming the history register can only hold 64 updates. The question is whether BR3
should skip its history update.

while(1){
if (A) { ...} // BR1: unpredictable
for (i = 1 to 50) {
if (random()) ... // BR2: unpredictable
}
if (A { ...} // BR3: predictable, correlated with BR1
for (i = 1 to 50) {
if (random()) ... // BR4: unpredictable
}
if ) { ...} // BR5: depends on BR1
}

Listing 3.3: Branch predictability dependent on history depth
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BR3 is predictable because its outcome correlates with BR1, which is already
in the history register. Since BR3 is predictable, a naive skipping policy would exclude
it from history updates. However, consider how long BR1’s information remains alive
in the history register under each case. Without skipping BR3, BR1’s information is
refreshed to the front of the history register each time BR3 updates, keeping it alive
for the full duration of the loop — it remains within the 64-entry window when BR5
is reached. If BR3’s update is skipped, BR1’s information is never refreshed, and
the 50 subsequent instances of BR4 push it out of the window entirely before BR5 is
reached, making BR5 unpredictable.

While BR5 illustrates the concrete consequence of skipping BR3, the skipping
decision for BR3 cannot and should not depend on the existence of BR5 — there
is no way to know in advance which downstream branches may depend on BR1’s
correlation. The right criterion is simpler: if BR3 depends on deep history that is
at risk of being pushed out, it should update the history register regardless, keeping

that correlation alive for longer.

To identify such cases, I use the TAGE table that produces a tag match as
a proxy for history depth dependency. Since each TAGE table is associated with a
specific history length, a tag match in a long-history table indicates that the branch’s
behavior correlates with a deep history pattern — one that is at risk of being pushed
out. If a branch frequently receives a tag match from a table whose history length
exceeds a predetermined threshold, its history update is retained to preserve that

correlation.

3.3.2.4 Supporting Branches that Are Only Predictable under Some Con-
trol Flows

Some branches are only predictable under specific control-flow contexts. To

track such cases, any implementation must rely on some representation of the current

control-flow context to determine whether a branch should skip a history update.

However, once skipping begins, that representation diverges from what was seen dur-
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ing training — the skipped updates mean the predictor encounters a different history
state than the one under which it learned to identify skippable branches. Without
a stable reference that remains consistent between training and prediction, the pre-
dictor can no longer reliably recognize the same control-flow pattern and correctly

identify which branches should be skipped.

Fortunately, TAGE maintains two forms of history: the global history register
(GHR) and the path history register. The GHR is much longer (hundreds to thou-
sands of bits) and captures deep control flow context, while the path history is shorter
(tens of bits) and tracks only recent control-flow information. By skipping updates
only in the GHR while always updating the path history, the predictor preserves
a stable representation of control flow for identifying branches that are predictable
under certain contexts. This approach allows the GHR to effectively extend its us-
able length without losing the ability to track branches that require context, enabling

deeper correlations to be captured safely even when skipping updates.

3.3.3 The Effects of Different Skipping Policies

The goal of this study is to understand how different pruning policies would
affect prediction accuracy independent of any particular tracking mechanism. To
achieve this, each trace is run twice. During the first run, the prediction accuracy
of each branch is recorded, along with the percentage of time each branch receives
tag matches in TAGE from a long-history table. Branches are identified as eligible
for skipping if their prediction accuracy exceeds a predetermined threshold and they
frequently only receive tag matches from short-history tables — indicating that they
do not depend on deep history correlations that are at risk of displacement. During the
second run, branches identified as eligible are excluded from GHR updates, with the
VPC mechanism applied to handle backward branches as described in Section [3.3.2.2]

Prediction accuracy is then measured under the resulting filtered history.
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3.3.3.1 Methodology

I use the simulator provided by CBP6 [5] to evaluate the impact of skipping
predictable branches on history quality. The baseline predictor is TAGE with a 256-
bit history register. To isolate the effect of history skipping from capacity and aliasing
effects, each TAGE tagged table is sized to be 16K entries instead of 1K entry and
tag widths are increased from 8/12 bits to 27/31 bits to minimize false matches. I
modified the history update algorithm so that 4 bits are pushed to the global history
register per taken branch, matching the history update algorithm described in the
TAGE cookbook [57].
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Figure 3.2: Skip Rate vs. Types of Branches Skipped

3.3.3.2 Overall Skip Rate and MPKI improvement

Figure 3.2 and Figure [3.3]show the skip rate and the absolute MPKI improve-
ment over a baseline TAGE (with the same idealization as described in of my
history pruning mechanism. Fach x-axis label represents a cumulative set of skipped
branch types, where each successive label adds one more branch type to those already

skipped. The results show that when all predictable branches are skipped, 48.1% of

68



n
o
i
N

0.1
0.08
0.06

Abs MPKI Improvement
S
=

Unconditional + + Biased +Predictable +Predictable + Predictable +Predictable +Return
Biased Direct Indirect (by PC) (by PC) Indirect (by CF) (by CF) Indirect
Conditional Conditional

Types of Branche Skipped
Figure 3.3: MPKI Improvement vs. Types of Branches Skipped

total updates are skipped, with some traces skipping as much as 91.1%. Since these
updates add no new information to the history register, skipping them not only pre-
serves prediction accuracy but improves the effective history length, resulting in an
average improvement of 0.12 MPKI and a maximum improvement of 1.1 MPKI. In
comparison, prior work only skips unconditional and biased direct branches, achiev-
ing a skip rate of only 19.6% and an MPKI improvement of only 0.04, less than one
third of the improvement achieved by skipping all predictable branches.

3.3.3.3 Sensitivity to VPC Displacement Bound
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Figure 3.4: Skip Rate vs. VPC Displacement Upperbound

Figure and Figure show how skip rate and MPKI vary with different
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Figure 3.5: Abs. MPKI Improvement vs VPC Displacement Upperbound

maximum global backward counter values. As discussed in Section [3.3.1.1] the VPC
is formed by combining the global backward counter with the original PC, where the
maximum counter value determines how many times a PC can be incremented before
a history update is forced. A larger maximum increases skipping opportunity but also
raises the risk of VPC collision with another static branch’s PC, introducing aliasing.
The results show that allowing the PC to change just 3 times captures the majority
of skipping benefit, with the skip rate plateauing shortly after and remaining nearly
flat through 13. MPKI improvement follows a similar trend, rising sharply from
0.0846 at a counter value of 1 to 0.1128 by 2, before peaking at 0.1215 at a counter
value of 7, beyond which aliasing begins to slightly erode the gains. This suggests
that a maximum counter value of 7 represents the optimal tradeoff between skipping

opportunity and aliasing.

3.3.3.4 Skipping Over Branches that Use Long Histories

The 2016 TAGE features 18 unique history lengths with 36 possible tagged
tables. Table IDs range from 1 to 36, where higher IDs correspond to longer history
lengths, and each history length is shared by two consecutive tables. Figure |3.6] and
Figure show how skip rate and MPKI vary with the threshold used to classify a

table as long-history. A lower threshold classifies more tables as long-history, causing
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more branches to be ineligible due to deep history dependency, reducing the skip rate.
A higher threshold classifies fewer tables as long-history, increasing the skip rate but
risking the displacement of deep correlations that branches depend on. The results
show that the optimal threshold for MPKI is table 30, which uses a 132-bit global
history out of 256 total, beyond which the cost of losing deep history correlations
outweighs the benefit of additional skipping.
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3.3.4 Ineligibility Event Rate Threshold

Figure |3.8| and Figure show how skip rate and MPKI vary with the ineligi-
bility event rate threshold. An ineligibility event is defined as either a misprediction
or a prediction sourced from a long-history table. Only branches whose ineligibil-
ity event rate falls below the threshold are considered eligible for skipping. A higher
threshold admits more branches as eligible, increasing the skip rate but also including

branches that are either not reliably predictable or depend on deep history correla-
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tions, degrading prediction accuracy. The results show that even at the strictest
threshold of 0.1%, more than 45% of updates are skipped, demonstrating that a large
fraction of branches in typical programs are highly predictable. The skip rate in-
creases steadily to 49.3% at a threshold of 1%, however MPKI improvement peaks at
0.1247 at a threshold of 0.3% and degrades noticeably beyond that, confirming that
the additional branches admitted at higher thresholds hurt more than they help. This
makes 0.3% the optimal threshold, balancing skipping opportunity against prediction

accuracy.

3.3.5 Sensitivity to PHIST Length used to Identify Predictable Branches

In the oracle experiment, predictable branches are identified using two criteria:
PC alone, and (PHIST, PC) together. The PHIST length controls how many bits of
path history are used in the latter identifier, determining how much context is used
to classify a branch as predictable. A longer PHIST can identify branches that are
only predictable under specific contexts, increasing the skip rate, but a branch that
appears as a single predictable pattern under a short PHIST may fragment into many
distinct contexts under a longer one, each seen too infrequently to confidently classify
the branch as predictable. While this fragmentation does not affect oracle results
since predictability is known before simulation starts, it poses a practical challenge

for real hardware implementations that must learn predictability online.

Figure and Figure show how skip rate and MPKI vary with PHIST
length. The skip rate grows steadily from 42.3% at 4 bits to 48.1% at 27 bits. However,
MPKI improvement remains stable across all configurations, ranging between 0.10
and 0.126 with no clear monotonic trend, suggesting that PHIST length has little
impact on prediction quality. Notably, even 4 bits achieves within 0.01 MPKI of the
best result at 27 bits while only sacrificing 6% in skip rate coverage, making shorter

PHIST lengths an attractive option during implementation.
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3.3.6 Per Trace Skip Rate and MPKI(S-Curves)

Figure |3.12| and Figure |3.13| show the per-trace MPKI improvement and skip
rate of the best configuration, with traces sorted in descending order. The skip rate
curve shows a smooth decline from a maximum of 91.1%, with the majority of traces
falling in the 40-70% range, confirming that most programs contain a substantial
fraction of predictable branches. The MPKI curve shows that the majority of traces

see a positive improvement, with one trace benefiting by 1.1 MPKI, while only a
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small number of traces experience slight regressions of up to 0.2 MPKI. Overall, the
mechanism is broadly beneficial across workloads, with the average improvement of

0.1242 MPKI driven by consistent gains across most traces rather than a few outliers.

Furthermore, restricting to the 71 traces where history length has a meaningful
impact (at least 0.1 MPKI difference between a 256-bit and 3000-bit history), the
average MPKI improvement increases to 0.1928, demonstrating that the mechanism

is most effective precisely where history quality matters most.
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3.3.7 Effect of History Pruning on Aliasing

To understand the effect of history pruning on aliasing, the following experi-
ments were carried out to see the differences in MPKI with respect to different tag
widths, both with history pruning and without history pruning.To isolate the effect of
history pruning on aliasing, the history length is fixed at 3000 bits. This length is cho-
sen as a saturation point, beyond which no further MPKI improvement is observed.
Any remaining difference between pruned and un-pruned configurations therefore re-
flects the intrinsic cost of pruning, whether from increased aliasing or information
loss. The same set of branches skips history updates regardless of the number of tag

bits used here. Table 3.2 shows the MPKI results.

Tag Width 8-bit 12-bit 16-bit 20-bit 8 to 20 Diff

Not Pruned 3.6440 3.6152 3.6178 3.6183 —0.0257
Pruned 3.6912 3.6484 3.6526 3.6543 —0.0369

Table 3.2: MPKI at history length 3000 (aliasing isolation experiment)

As shown in Table [3.2] increasing the tag width from 8 to 20 bits yields a
larger MPKI improvement under history pruning (—0.037) than without (—0.026).
Since wider tags reduce aliasing by providing more precise branch identification, the
greater benefit of wider tags under pruning suggests that history pruning introduces
additional aliasing. This suggests that resizing the TAGE predictor with wider tags
would potentially improve the MPKI when history pruning is enabled.

3.4 Implementation
3.4.1 Tracking the Predictable Branch

To determine whether a prediction packet should skip a history update, the
predictor must track which packets are predictable and under what conditions. Some
packets are predictable regardless of control-flow context, while others are only pre-

dictable under specific contexts. These two cases are tracked separately using two
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cache-like structures.

The first structure, the good PC table, tracks prediction packets that are pre-
dictable regardless of control-flow context. It is indexed by prediction-packet PC,
and each entry holds a saturating counter. When the last instruction in a prediction
packet commits, the counter is incremented if no misprediction occurred, and it did
not use a long history table within the packet, and none of the branches in the packet
used long history. Otherwise, the counter is decremented. Counters are also decre-
mented periodically to handle phase changes, ensuring that packets that stop showing
up over time are eventually removed. If a packet attempts to increment its counter
but no corresponding entry exists, I will try to allocate an entry for this packet by re-
placing the entry in the same set whose counter value is 0. If no such entry exists, all
counters in the set are decremented by one, and the allocation request is dropped. A

prediction packet is considered eligible for skipping if its counter exceeds a threshold.

The second structure, the good CF table, tracks prediction packets that are
predictable only under specific control-flow contexts. It uses the same update, de-
cay, and replacement policy as the good PC table, but is indexed by (path history,
prediction-packet PC) rather than PC alone. The good CF table is only updated for
a given PC if that PC is not already eligible in the good PC table, ensuring the two

structures track complementary cases without redundancy.

Table |3.3| provides a summary of how the counters are updated in the two
caches. A prediction packet is eligible to skip the history update after it reaches a
predetermined threshold. I experimentally determine this to be 2024.

3.4.2 Locked Tables

Each time the set of skipped prediction packets changes, the global history seen
by every branch changes as well, requiring the predictor to warm up again before it
can predict accurately. If such changes happen frequently, the predictor spends most

of its time warming up and never reaches peak accuracy. To prevent this, the predictor
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Trigger Event Counter Adjustment

Misprediction —180
Every retired Tag match from long-history
prediction packet | table (no misprediction) —180
Correct prediction, not
from long-history table +1
Every N Periodic decrement
instructions (full set) -8
Allocation on Failed allocation
Increment Miss attempt -1

Table 3.3: Counter Adjustment for Tracking Packet Eligibility

maintains two separate sets of tables: a training table that is updated continuously,

and a locked table that determines which packets would skip the history update.

When a prediction packet becomes eligible to be skipped in the training table,
it is not immediately added to the locked table. Instead, updates to the locked table
are batched so that they will be applied once, causing only one warm up to the
predictor. However, not every batch of changes is worth applying — if the difference
between the locked table and the training table is small, the benefit of updating may
not justify the warm-up cost. I define a divergence score which measures the difference

between the two tables as follows:

A = # of entries eligible in training table but not in locked table
B = # of entries eligible in locked table but not in training table
M = Scaling Factor

divergence_score = A + M * B

Listing 3.4: Computation of divergence score

A represents new skipping opportunities — packets that have become pre-
dictable and could benefit from skipping. B represents packets that are currently
being skipped but are no longer predictable in the training table, either because their
behavior has changed or they have not been observed recently. Entries in B are

weighted more heavily through the scaling factor M because retaining them in the
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locked table risks introducing information loss into the history register, potentially
degrading the prediction of downstream branches. The locked table is only updated
when the divergence score exceeds a predetermined threshold, ensuring that updates

are applied only when the expected benefit outweighs the warm-up cost.

3.4.3 Blacklist

Some prediction packets are intermittently predictable — they alternate be-
tween predictable and unpredictable phases, causing them to repeatedly enter and
exit eligibility in the training table. Each such transition triggers a warm-up cost,
and packets that oscillate frequently can dominate the warm-up overhead without
providing sustained benefit. To exclude such cases, two small blacklists are intro-

duced, one for the PC tables and one for the CF tables.

Each blacklist is a cache-like structure that tracks prediction packets that have
demonstrated unstable predictability. An entry in each blacklist consists of a 3 bit
counter. When a packet misprediction would cause its counter in the training table to
drop below the eligibility threshold — indicating that the packet is transitioning from
predictable to unpredictable, the packet’s counter in the blacklist is incremented by
1. If the counter in the blacklist is above a threshold, the corresponding packet skips
the training in the training tables entirely, ensuring that intermittently predictable

packets cannot repeatedly trigger warm-up cycles.

Figure [3.14] shows the overall architecture between the training table, locked
table, and the blacklist. During prediction time, the fetch PC is used to index the
locked table; a hit would mean this current prediction packet should skip history
update. When the last instruction in the fetch group retires, it would check if the
entry exist in the black list. If the entry is in the blacklist, then the update is skipped.
If an entry is not in the blacklist, it then proceeds to update the training table.
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Figure 3.14: Overall Architecture

3.4.4 Hardware Overhead

The main hardware overhead is the 2 sets of good PC table and good CF
table. The good PC training table holds 1024 entries(128 sets by 8 ways), each entry
contains a 41-bit tag for PC and an 12-bit counter. The good CF training table also
holds 1024 entries, each entry contains a 49-bit (41 bits for PC + 8 bits for phist) tag
and an 12-bit counter. The locked tables have the same number of entries, but instead
of a counter, they only hold a valid bit indicating if an entry is eligible. Therefore,
each entry in the locked good PC table is 42 bits, and each entry in the locked good
CF table is 50 bits. The total storage among the 4 tables is 25.75KB.

The PC blacklist and CF blacklist each have 8 entries(1 sets by 8 ways). The
tag for the PC blacklist is 46 bits, and the tag for the CF blacklist is 54 bits, the

same as above. Each entry holds a 3-bit counter. The total storage overhead for the
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blacklist is 106B.

The global backward counter also needs to be checkpointed, adding 4 bits per
checkpoint. Assuming a processor with a 1024 instruction window supporting up to

256 in-flight branches, this would require 1024 more bits (0.125KB) overall.

It should be noted that only 12.875KB of storage (the locked tables) is needed
in the processor frontend, where the predictor must decide at fetch time whether a
prediction packet should skip its history update. The remaining 13.103KB (training
tables and blacklists) are only accessed at retirement and do not lie on any criti-
cal timing path, allowing them to be placed anywhere on chip without impacting

performance.

3.5 Results
3.5.1 Methodology

I evaluate my branch history pruning algorithm and the runtime predictable
branch detection mechanism on the CBP6 [5] simulation infrastructure. The baseline
predictor is a TAGE predictor from the TAGE-SC-L [56] predictor from CBP5 [1] with
2 modifications. First, the history update is modified so that one update is applied
for each taken branch, as specified by TAGE Cookbook [57]. Secondly, the size of the

global history register is reduced to 256 bits to represent a realistic implementation.

The MPKI and skip rate reported in this section follow the same rule as
CBP6 [5], which uses the first half of the trace as warm-up, and the second half of

the trace for reporting.

3.5.2 MPKI and Skip Rate

Figure [3.15 and Figure [3.16) show the skip rate and MPKI improvement per
benchmark category. FP and INFRA traces benefit the most from history pruning,

as these workloads are the most sensitive to history length. Both categories contain
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Figure 3.16: Abs. MPKI Improvement across Different Trace Categories

a high proportion of predictable branches — more than 21% of history updates are
skipped in FP traces (up to 82%), and 36% are skipped in INFRA traces (up to
87%), providing ample opportunity for history compression. COMPRESS, despite
skipping 25% of history updates, shows no MPKI improvement because the majority
of these traces are not sensitive to history length, exhibiting less than 0.1 MPKI
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difference between 256 bits and 3000 bits of history. Only 4% of updates are skipped
in WEB traces, indicating that there are fewer highly predictable packets in them.
Many INT traces suffer from frequent phase changes, making it harder for the tracking
mechanism to identify and consistently skip predictable branches at runtime, resulting
in only modest MPKI improvement. Overall, the mechanism skips 18.9% of packet

updates on average and achieves a 0.0625 MPKI improvement.

To better isolate the benefit of history pruning, restricting the analysis to the
71 traces out of 105 that are sensitive to history length — defined as those exhibiting
more than 0.1 MPKI difference between 256 bits and 3000 bits of history — the
mechanism skips 19.1% of packet updates on average and achieves a 0.0977 MPKI
improvement. This suggests that the overall average is diluted by traces that are
inherently insensitive to history length, and that the mechanism delivers meaningful

gains precisely where longer history matters most.

A baseline predictor with a 20% longer history register (320 bits) achieves
only 0.0428 MPKI improvement, far less than the 0.0625 MPKI reduction delivered
by my history pruning mechanism. The pruning is more aggressive on traces that are
sensitive to history sizes such as INFRA traces, where my mechanism achieves a 0.29
MPKI reduction compared to the 0.07 MPKI reduction from increasing the history
register size by 20%.

3.5.3 Size of PHIST Used to Identify Predictable Branches

Recall that the PHIST length controls how much path history context is used
in the (PHIST, PC) identifier for the good cf table when classifying a branch as pre-
dictable. Figure |3.17 and Figure [3.18 show the skip rate and MPKI with respect to
the number of path history bits used to identify predictable branches. Interestingly,
unlike the oracle experiment in Section [3.3.5] the skip rate does not increase monoton-
ically with the number of path history bits. The oracle experiment is immune to this

effect because predictability is determined offline with full knowledge of all branch
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instances — coverage is never an issue. In the runtime implementation, however, the
good CF table must learn online from limited observations. While longer path history
allows more branches to be identified as predictable, it also means each specific (PC,
path history) combination is seen less frequently, reducing the confidence accumu-
lated per entry and making it harder to cross the eligibility threshold. This mirrors
the fundamental coverage vs. precision tradeoff in TAGE itself, where longer history
tables have better precision but worse coverage because entries are harder to train.
The results show that 8 bits of path history provides the best tradeoff, maximizing

both skip rate and prediction accuracy.

4 8 12 16 20 24 27

Number of PHIST Bits Used to Identify the Predicatable
Branches

Figure 3.17: Skip Rate vs. Number of PHIST Length Used

3.5.4 Divergence Score

Figure [3.19) shows how MPKI varies with both the divergence score threshold
and the multiplying factor as described in Listing 3.4 A lower divergence score
threshold provides more opportunity to adapt to phase changes, as updates from
the training table are applied to the locked table more frequently, but comes at the
cost of more frequent warm-ups. The multiplying factor controls how much weight is
given to entries that were previously eligible but are no longer predictable, relative to

entries that have newly become predictable. A higher multiplying factor makes the
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Figure 3.18: Abs. MPKI Improvement vs. PHIST Length Used

predictor more conservative about applying updates that remove previously skipped
branches, since doing so risks introducing information loss into the history register.
The results show that a divergence score threshold of 185 with a multiplying factor of
2 provides the best balance between phase adaptation and warm-up cost, yielding the
most MPKI improvement. Notably, 87 out of the 105 traces triggered only a single
locked table update during the entire simulation, demonstrating that an unstable
view of history can drastically reduce the performance benefit of a longer effective

history register.

3.6 Discussion on Skip Rate

While the oracle experiment achieves a 48.1% skip rate on average, our prac-
tical implementation achieves only 19.1%. The primary reason for this gap is the
divergence score threshold that controls when the locked table is updated. Even when
many packets have accumulated sufficient evidence of predictability in the training
table, the locked table is only updated when the divergence score exceeds a predeter-
mined threshold. The threshold is chosen to optimize MPKI with infrequent updates

to the locked table, keeping warm-up costs low at the expense of a lower skip rate.
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As a result, the dynamic tracking algorithm is cannot adapt to phase changes very

well, resulting in lower skip rate compared to an oracle implementation.
Figurd3.20] shows the skip rate of different divergence score thresholds. Low-
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ering the divergence score from 185 to 10 would increase the skip rate to 28.5% but
would also increase MPKI from the excessive warm-up cost introduced by frequent
updates to the locked table. On top of a lowered threshold(1024 as opposed to 2014)
would allow branches that show up infrequently to be captured, resulting in 32.2%

skip rate.

3.7 Related Work
3.7.1 History Filtering for a Specific Branch

Prior work [67, [68] has shown that a particular branch only depends on a few
branches in the global history. Their primary motivation was to reduce the expo-
nential storage cost that arises when uncorrelated branches pollute the history: by
learning an offline per-branch filter that retains only the relevant correlating branches,
they avoid the combinatorial explosion of history patterns. A side effect of this fil-
tering, however, is that the history now covers a longer effective region, since it is
only updated by the small subset of branches that actually matter for each predic-
tion. While my goal is different — I aim to extend effective history length directly
by skipping updates from unconditionally predictable branches — both approaches
share the observation that the effective history length can be improved by being se-
lective about which updates are included. Unlike their work, however, I do not claim
that certain branches are irrelevant to all predictions; rather, I identify branches
whose outcomes are already known and therefore contribute no new information to

the history regardless of context.

3.7.2 Modulo Based History Filtering

Jiménez [26] proposes modulo history (MODHIST'), where only branches whose
PC is divisible by some fixed modulus are recorded in the history register. The pri-
mary motivation is to reduce aliasing pressure and training time in perceptron-based

predictors — uncorrelated branches produce different hash values for histories that
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should be treated identically, slowing convergence. While both MODHIST and my
work filter branches from the history register, the goals and criteria are fundamentally
different. MODHIST uses an arbitrary PC-based criterion with no regard for whether
a filtered branch actually contributes useful information — as Jiménez himself ac-
knowledges, filtered branches may carry genuine correlation that is simply discarded.
My work instead targets a different problem entirely: extending the effective history
length by removing branches whose outcomes are already determined by the existing

history, ensuring that no genuine correlation is ever lost.

3.8 Conclusion

This chapter presented a branch history pruning mechanism that improves
effective history length by skipping history updates from predictable branches. Since
predictable branches contribute no new control-flow information, their history updates
are strictly redundant, and skipping them allows the predictor to capture deeper

correlations within the same physical history register.

The oracle study confirmed that up to 48.1% of history updates can be safely
skipped, yielding an average MPKI improvement of 0.1242 and up to 1.1 MPKI
on individual traces. On traces where history length has a meaningful impact, the
improvement increases to 0.1928 MPKI. A run time implementation with only 26KB

storage overhead achieves 0.06 MPKI reduction over the baseline TAGE predictor.

88



Chapter 4: Conclusion and Future Work

4.1 Conclusion

This dissertation challenges a foundational assumption in modern branch pre-
dictor design: that every branch outcome contributes new control-flow information. I
have shown that this assumption is unnecessarily conservative — the majority of dy-
namic branches are predictable under a given control flow, and predictable branches
do not introduce new control-flow paths. This insight forms the basis for two con-
tributions that address two longstanding challenges in branch prediction: predictor
latency and history length. The first contribution applies this insight to ahead pre-
diction. Prior approaches to ahead prediction generate predictions for all 2V possible
missing history patterns when predicting N branches ahead, causing energy to grow
exponentially with ahead distance. Because most branches are predictable, however,
the vast majority of these patterns never materialize at runtime. By explicitly track-
ing only the missing history patterns that actually occur in practice, the proposed
ahead predictor reduces per-prediction energy from 14.6x to 1.5x over the baseline,

making ahead prediction practical within realistic energy constraints.

The second contribution applies this insight to history length. Because pre-
dictable branches do not introduce new control-flow information, recording them in
the history register is redundant — any downstream branch that correlates with a
predictable branch can correlate with the existing history directly. I propose a loss-
less branch history pruning algorithm by selectively omitting predictable branches
from history updates, allowing the history register to capture a longer window of
meaningful branch outcomes without physically increasing its length, reducing the
storage, recovery latency, and energy costs that make long histories impractical in

real Processors.

Together, these two contributions demonstrate that the full global history is
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not necessary for accurate branch prediction. Exploiting the predictable branches
— rather than treating all branches as equally informative — enables more efficient

predictors along multiple dimensions simultaneously.

4.2 Future Work

There are several ways to extend this thesis in the future. I will break them

down into ahead prediction related and history pruning related.

4.2.1 Future Work on Ahead Prediction

e Dynamically adjusting entries read per table. While this dissertation
shows that reading 2V entries per table is unnecessary in most cases, it may be
beneficial to dynamically increase the number of entries read when the number
of missing history patterns is large. A mechanism that adapts dynamic behavior
based on the number of primary tag hits could improve accuracy in hard-to-

predict workloads without sacrificing energy efficiency in the easy ones.

e Using ahead prediction to improve prediction throughput. Support-
ing wider pipelines requires not just accurate predictions but higher prediction
throughput — the ability to deliver multiple predictions per cycle. Ahead pre-
diction is a natural fit for this problem, as it decouples the prediction of future
branches from the resolution of the current one. Exploring ahead prediction as
a mechanism for sustaining prediction throughput in wide-issue processors is a

promising direction.

e Ahead pipelining target prediction. This dissertation focuses on ahead
prediction of branch direction. Extending the ahead prediction framework to
also predict branch targets ahead of time could further reduce front-end latency

and improve prediction throughput.
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4.2.2 Future work on History Pruning

e Offline training. The current mechanism identifies predictable branches dy-
namically at runtime. An offline training pass over representative workloads
could produce a static skip list that is loaded into the predictor at run time, re-
ducing cost associdated with having to track predictable branches dynamically,

including warm up cost and extra storage.

e Increasing prediction throughput. The number of branches that can be
predicted per cycle is fundamentally limited by how frequently the history reg-
ister must be updated. Each history update changes the index and tag for
every TAGE tabld] requiring a new lookup before the next prediction can be
made. In the current design, this means prediction throughput is bounded by
one taken branch per cycle, since every taken branch triggers a history update.
However, if predictable branches do not update the history register, the index
remains stable across consecutive predictable branches, allowing all of them to
be predicted in a single lookup without serialization. This suggests that his-
tory pruning could extend the prediction packet to span all branches up to
the first hard-to-predict branch, rather than just up to the first taken branch.
Since most branches are predictable, this could substantially increase prediction

throughput and better support wider pipelines.

e Applying history pruning to other microarchitectural structures. Branch
history is used not only in branch predictors but also in other microarchitec-
tural structures. For example, perceptron-based prefetch filtering [? | applies
branch prediction techniques directly to prefetching decisions, demonstrating
that branch history is a useful signal beyond branch prediction itself. Applying

the same pruning principle to such structures — removing redundant history

Lor any other history based predictor design
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updates that contribute no new information — could yield similar benefits in

terms of effective history coverage and prediction quality.
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