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Abstract—Branch prediction is critical for high-performance
CPUs, with mispredictions causing significant execution inef-
ficiencies. Modern server workloads exacerbate the challenge
due to expanding instruction and branch working sets, while
predictor capacities remain limited to avoid latency increases. A
recently introduced hierarchical branch predictor design, LLBP,
demonstrated a way to reduce misprediction rates by augmenting
an unmodified TAGE-based predictor with a decoupled high-
capacity metadata store. Despite using a large amount of storage,
LLBP was shown to achieve only a fraction of the accuracy gain
of an equal-sized (but impractical) TAGE-based predictor.

This work provides a detailed analysis of LLBP, identifying
sources of its accuracy loss. Chief among these are contention
within certain sets of LLBP’s high-capacity metadata store
(namely those containing patterns for hard-to-predict branches),
as well as duplication of patterns, which leads to prolonged
training time. To address these issues, we propose dynamic
context depth adaptation, an enhancement to the original LLBP
design, which yields a significantly better distribution of patterns
for hard-to-predict branches, thereby reducing both pattern set
contention and pattern duplication. Our proposed design that
realizes dynamic context depth adaptation requires only small
modifications to the baseline LLBP while increasing its accuracy
by 0.8-11.5% (average 3.6%).

Index Terms—Branch prediction, CPU microarchitecture

I. INTRODUCTION

Branch prediction is a key microarchitectural mechanism
for today’s high-performance CPUs. The branch predictor
keeps the pipeline fed with instructions by anticipating branch
instructions and their outcomes. Each misprediction triggers
a pipeline flush, rendering the work of tens of cycles and
hundreds of instructions useless.

Modern server workloads, featuring massive instruction
workings sets with complex control flow, pose a particular
challenge for today’s branch predictors. A recent Google study
reveals that branch mispredictions waste an average of 15.4%
of execution cycles across thousands of their datacenter CPUs,
resulting in millions of dollars in cost and energy losses [2].

Two factors are compounding the problem of branch pre-
dictor accuracy on server workloads. The first is the fact
that instruction working sets (and, correspondingly, branch
working sets) in server workloads are quickly growing in size.
For example, Meta reports a 5.6x growth in the binary size of
a major web service over four years [28]]. The second is that
branch predictor capacities are largely stagnant due to the fact
that the branch predictor is a latency-critical structure, and
enlarging its capacity would necessarily make it slower.
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More accurate branch prediction would not only enhance
the performance on today’s workloads but also enable more
aggressive future CPU designs with wider pipelines and larger
instruction windows [26]. Indeed, a large instruction window is
useless if it cannot be kept full due to misspeculation-induced
flushes. Our analysis of typical server workloads shows that
the state-of-the-art 64KB TAGE-SC-L predictor [42] yields
misprediction rates of 0.29-6.4 MPKI (avg. 2.91), causing a
flush every 344 instructions on average. For comparison, an
Intel Sapphire Rapids server CPU has a 512-entry ROB [38]],
which is impossible to fill given such misprediction rate.

Addressing the branch predictor accuracy challenge through
larger branch prediction structures is an attractive approach,
particularly because on-chip transistor budgets have rapidly
expanded despite the slowdown in Moore’s law. Alas, as noted
above, the branch predictor sits in the critical path to feed
the pipeline with instructions, and any increase in predictor
structures inevitably leads to higher prediction latency. And
while a larger branch predictor has a positive effect on
prediction accuracy, the increased accuracy gain is nullified
by the longer access latency [20]], [44].

Recent work has managed to break the capacity-latency
trade-off in branch predictor design through a hierarchical
organization, called LLBP, which combines an unmodified
TAGE-based predictor in the first level with a high-capacity
metadata store for TAGE patterns in the second level [37].
Crucially, the second level is entirely decoupled from the first,
and is never accessed on the critical path of a prediction;
instead, metadata (i.e., TAGE patterns) for upcoming branches
are prefetched into a small buffer that is looked up in paral-
lel with the primary TAGE using the same partial pattern-
matching algorithm across the two structures.

LLBP solves two challenges for hierarchical TAGE-based
predictors. First, TAGE’s aggressive hashing of branch ad-
dresses with global history annihilates the spatial locality
of patterns belonging to a given branch. By scattering the
patterns across the predictor’s storage space the hashing makes
it difficult to identify which patterns belong to a given branch.
Second, the massive variance in the number of patterns stored
per branch; while most branches need only a few patterns,
certain hard-to-predict (H2P) branches require hundreds to
thousands. Analysis of Google datacenter traces [[11] shows the
most difficult branches have over 9K patterns each. Prefetching
such a large number of patterns would require moving tens of
KBs of metadata, which is clearly impractical.
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LLBP addresses both challenges by localizing a small set
of patterns, necessary for predicting an upcoming instance
of a branch, in a pattern set of LLBP. Localization hap-
pens through the notion of a context, created by hashing a
sequence of branch PCs leading up to the execution of the
branch in question. For H2P branches with a large number of
patterns, contexts naturally spread out the majority of patterns
while keeping together the subset necessary for predicting a
given branch instance. LLBP identifies upcoming contexts and
prefetches only the subset of patterns needed for predicting a
given context into a small in-core buffer.

While LLBP represents a breakthrough at a conceptual
level, the original work’s design achieved less than a third
of the opportunity of an equal-sized (but impractical) TAGE
predictor. The objective of our work is to understand and
address the deficiencies of LLBP’s design and, thereby im-
proving LLBP’s accuracy at a given storage budget.

We analyze LLBP in detail and identify the main reasons
for its poor accuracy as compared to TAGE. Our findings
indicate that the limited number of patterns in a pattern set is a
significant problem that affects only a small number of (H2P)
branches but causes a large accuracy loss. Another problem
is the fact that contextualization causes some easy-to-predict
branches, requiring only short history lengths to predict, to be
duplicated in multiple contexts. The duplication increases the
training and adaptation time when branch behavior changes,
since the patterns used for predicting these branches must be
trained in multiple contexts, hurting the accuracy of LLBP.

We address both problems through a dynamic context depth
adaptation approach that chooses the number of contexts to use
for a given branch. For H2P branches requiring a large number
of patterns, our approach uses a large number of contexts to
maximally spread out the patterns to avoid thrashing inside the
pattern sets. For easy-to-predict branches, our approach does
the opposite and uses only a few contexts to minimize the
redundancy and the training time. Moreover, dynamic context
depth adaptation allows us to improve aspects of LLBP’s
design that were constrained by its fixed choice of contexts.

Using a broad range of representative server workloads, we
show that our proposed design, LLBP-X, improves prediction
accuracy by 0.8—-11.5% (average 3.6%) over the original LLBP
at a similar storage budget through dynamic context depth
adaptation and complementary enhancements.

Our contributions can be summarized as follows:

e We analyze LLBP and find the principal culprits behind its
modest accuracy. Key among these are contention in some
of the pattern sets (particularly those used by H2P branches)
and the long training time due to redundancy induced by
contextualization.

e We introduce dynamic context depth adaptation, an ap-
proach that chooses the number of contexts to use for a
given branch. For H2P branches, dynamic context depth
adaptation reduces contention inside pattern sets by spread-
ing the patterns out across more contexts. For other
branches, it minimizes the number of contexts used, thus
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Fig. 1: Comparison of stall cycles due to conditional branch
mispredictions and branch MPKI on Intel Skylake (solid) and
Intel Sapphire Rapids (striped)

reducing both metadata redundancy and training time.

e We present LLBP-XEL an enhanced version of LLBP that
addresses the identified bottlenecks. It improves accuracy
by 0.8-11.5% (average 3.6%) at a similar storage budget.

II. BACKGROUND
A. Branch Prediction Bottleneck

Branch prediction plays a crucial role in modern high-
performance CPU design. By anticipating branch instructions
and their outcomes, the branch predictor ensures the processor
pipeline remains fed with instructions. Each misprediction
forces the CPU to flush its pipeline, wasting dozens of cycles
and hundreds of already executed instructions. More accurate
branch prediction not only enhances performance on today’s
workloads but also enables more aggressive future CPU de-
signs with wider pipelines and larger instruction windows [26]].

To understand the importance of branch prediction in ag-
gressive microarchitectures, we evaluate typical server work-
loads on an Intel Skylake CPU and a more recent Intel
Sapphire Rapids CPU [38]]. Compared to Skylake, Sapphire
Rapids sports a much more aggressive microarchitecture in-
cluding a much larger (>2x) ROB, wider pipeline, larger BTB,
TLBs and caches, etc. We collect CPU performance counters
while running these workloads and use Top-Down analysis
to analyze the branch prediction bottleneck [52]]. Refer to

for methodological details.
First, we observe that Sapphire Rapids delivers a 40-52%

(avg. 46%) lower CPI compared to Skylake. In we
analyze the branch mispredictions per kilo instructions (MPKI)
(left) and fraction of stall cycles due to branch mispredictions
(right) for three workloads on Skylake (solid) and Sapphire
Rapids (striped). While Sapphire Rapids achieves 15-60%
(avg. 33%) fewer branch mispredictions compared to Skylake,
the fraction of stall cycles due to branch mispredictions
increases by 7-45% (avg. 30%).

This rise in the fraction of stall cycles due to branch mispre-
dictions despite a lower rate of mispredictions clearly points
to the fact that while more aggressive CPU designs can reduce
or eliminate many sources of stalls, branch mispredictions
fundamentally carry a high performance overhead that cannot
be masked. Hence, reducing branch MPKI is a paramount
challenge for future CPU microarchitectures.

'Implementations of LLBP-X, including a gem5 model, are available
at https://github.com/dhschall/LLBP-X
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B. The TAGE Branch Predictor

TAgged GEometric history length (TAGE) [29]], [39]-[42],
[46] is widely considered the state-of-the-art branch pre-
dictor [26] and has found broad adoption in commercial
processors [1], [19], [31]. Based on prediction by partial
pattern matching (PPM) [29]], TAGE correlates current branch
behavior with previously observed control flow patterns using
multiple predictor tables with geometrically increasing global
history lengths. Modern implementations utilize up to 30
tables with history lengths reaching 3000 bits [42]]. Each table
entry contains a tag, a signed prediction counter for direction,
and a useful bit for replacement decisions. A hash of the
branch address and global history generates table indices and
tags for pattern matching.

The longest matching history pattern serves as the Predic-
tion provider, with a bimodal table (BIM) serving as fallback.
On mispredictions, TAGE successively creates patterns with
longer histories. In its latest form, TAGE-SC-L (referred to as
TSL in the remainder of this paper), adds a statistical corrector
for statistically biased branches and a loop exit predictor.

The Capacity-Latency Tradeoff: Larger branch predic-
tors generally achieve higher accuracy, particularly for server
workloads with their large branch working sets and complex
control flow patterns. These workloads require tracking many
instances of thousands of branches, overwhelming predictor
structures. For example, increasing the capacity of TAGE-SC-
L from 64KiB to 512KiB reduces mispredictions by 12.7-
46.1% (avg. 27.5%) [20], [22], [26], [37]. However, the pre-
dictor sits on the critical path of instruction delivery, making
latency a crucial constraint. Modern processors fetch and
decode 8-10 instructions in parallel, often containing multiple
branches per fetch bundle. Even a small increase in branch
prediction and redirection latency can substantially impact per-
formance, as it disrupts the steady flow of instructions into the
pipeline. Research has shown that beyond a certain capacity
threshold, the performance degradation from increased predic-
tion latency outweighs the benefits of improved accuracy [20].

C. The Last-Level Branch Predictor

To overcome the trade-off between storage and latency,
recent work has proposed a hierarchical branch predictor
organization called Last-Level Branch Predictor (LLBP) [37]].
LLBP extends the TAGE-based predictor in the first level with
a high-capacity second-level metadata store, effectively decou-
pling the need for high-capacity storage and fast prediction.
The key insight behind LLBP is that branch predictor metadata
exhibit context locality, i.e., the set of patterns necessary to
predict a branch is determined by the global control flow (e.g.
function call chain leading up to the execution of a branch).

LLBP leverages context locality to decompose the branch
working set and associate each TAGE pattern with a specific
program context. Specifically, LLBP uses a hash of several
unconditional branches (UBs) preceding a conditional branch
to determine the global control flow path leading up to that
branch and form a context. All patterns capturing correlations

Fig. 2: Forming a context with different context depth (W).
Circles represent taken/not taken conditional branches, and
squares the unconditional branches used in context formation.

on the same global path (i.e., the same sequence of UBs) form
a pattern set needed to predict the branch in this context.

Pattern sets are stored in a high-capacity metadata store
(i.e., the LLBP pattern store). To overcome the longer ac-
cess latencies of larger structures, LLBP uses global context
information to precisely identify pattern sets required for
upcoming contexts and prefetches these pattern sets ahead
of time into a pattern buffer — a small in-core structure
enabling low-latency predictions. The pattern buffer operates
alongside the baseline TAGE-based predictor and uses the
same partial-pattern matching algorithm as TAGE, logically
extending TAGE to accommodate the prefetched patterns.

C.1) Context-based Organization LLBP’s context-based
organization addresses a fundamental challenge in branch pre-
diction: the high variance in required patterns per branch [37].
While most branches need a few patterns, some hard-to-predict
branches require thousands. TAGE-SC-L handles this through
aggressive hashing and bank interleaving [42], distributing
patterns across all tables. Although this enables high storage
density, it limits scalability as all tables must be accessed for
every prediction. In contrast, LLBP bundles patterns into fixed-
size sets of 16 patterns per context, enabling efficient prefetch-
ing but potentially trading off TAGE'’s storage efficiency —
contexts requiring fewer patterns waste capacity while those
needing more patterns sacrifice coverage.

C.2) Context Formation The key parameters in forming a
context hash are D and W. D refers to the number of most
recent UBs deliberately ignored when creating the context ID
hash. Doing so provides a temporal window during which
LLBP’s access latency is hidden. The context depth W refers
to the actual number of UBs (preceding the D skipped UBs)
used to form the context hash. The original LLBP design used
D =4 and W = 8, but these values can be adapted as needed.

Choosing the value for W involves a trade-off: a larger W
provides more global context, enabling more precise pattern
localization and reducing the number of patterns per context,
but introduces redundancy for branches with short-range cor-
relations. illustrates this trade-off with two executions
of the same conditional branch Br, through different history
patterns. These paths share two recent unconditional branches
uby and ub., but differ in preceding UBs.

Suppose a conditional branch Br, requires a long history to
make accurate predictions. With a small W (e.g., W = 2), both
branch invocations would use only branches ub; and ub. to
form a context ID, placing both of the patterns in the same
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Fig. 3: LLBP design overview.

pattern set and increasing the risk of pattern set overflow. In
contrast, a larger W (e.g., W =4) would create distinct contexts
for the two dynamic instances of the branch, spreading them
across multiple pattern sets and reducing overflow potential.

Conversely, if the conditional branch Bry is predictable with
a short history pattern shared between invocations, a small W
(e.g., W =2) naturally hashes to the same context ID. Using a
larger W would create different IDs, requiring duplication of
the pattern across multiple pattern sets, causing redundancy.

C.3) LLBP Design Overview

shows how LLBP supplements an existing 64K
TSL branch predictor with four main components. The LLBP
pattern store (PS) stores pattern sets for different contexts.
The pattern buffer (PB) holds and implements prediction logic
for the currently active context and caches recently accessed
contexts. The rolling context register (RCR) maintains un-
conditional branch addresses to compute the current context
ID using a rolling hash. The context directory (CD) enables
associative metadata lookup for pattern sets using context IDs.

Making Predictions: LLBP uses TAGE’s partial pattern-
matching algorithm [29]] but a different pattern organization.
While TAGE dynamically allocates storage to patterns across
multiple tables, LLBP maintains a single pattern set per
context. Each pattern consists of a prediction counter, pattern
tag, and history length field, which determines how much
global history is used for tag computation.

The Pattern Buffer (PB) implements a prediction logic
similar to that of TAGE by performing parallel tag matches
for all patterns in the current context’s pattern set. Upon
a match, the sign of the prediction counter determines the
predicted direction. If no tag matches, LLBP does not provide
a prediction for this cycle. To arbitrate multiple tag matches,
LLBP selects the longest matching pattern. The final selection
between LLBP and the baseline predictor (TAGE) is based
on the history length of the providing pattern where LLBP
overrides the baseline prediction only if it matches on a pattern
with the same or longer history length than TAGE.

Prefetching Pattern Sets: Accessing pattern sets from
LLBP requires multiple sequential operations: computing a
context ID, checking the CD, and reading from LLBP storage
if the pattern set isn’t already cached in the PB. To hide this
multi-cycle latency without introducing complex prediction
mechanisms for future contexts, LLBP employs a prefetching

mechanism that associates the current context’s pattern set
with a past context ID. Consequently, the current context ID
triggers prefetches for upcoming pattern sets.

Learning Pattern Sets: Once a branch is resolved, the
pattern (TAGE or LLBP) is updated based on the actual
outcome. Upon misprediction, both TAGE and LLBP allocate
a pattern with a longer history than the incorrect pattern.
LLBP’s allocation process consists of three steps. First, if, for
the current context, no pattern set exists, LLBP creates a new
pattern set in the PB and its context ID is written to the CD.
The replacement policy favors sets with more high-confidence
patterns. Second, within a pattern set, LLBP replaces the
least-confident pattern, setting the prediction counter to low
confidence, taken or not taken.

Writebacks: A pattern set remains in PB during instruction
execution and is updated at commit time. Modified, valid
pattern sets are written back to the pattern store upon eviction.

C.4) Design Tweaks To make LLBP feasible for hardware
implementation, modifications were necessary to reduce com-
plexity while maintaining prediction accuracy. When making
a prediction, LLBP selects the pattern with the longest branch
history from the pattern set. To enable this, LLBP keeps the
patterns in a pattern set sorted by history length. To reduce
hardware complexity, LLBP organizes the 16 patterns into four
buckets of four patterns each, with each bucket covering a
specific history length range, limiting sorting to four patterns
per bucket instead of all 16. As a further simplification, LLBP
keeps only the 16 most commonly occurring history lengths (4
history lengths per bucket) out of TAGE’s original 21. Lastly,
if LLBP provides the prediction (by having a longer pattern
matching than the baseline TSL), the Statistical Corrector (SC)
is suppressed.

C.5) LLBP Prediction Accuracy We evaluate the efficacy of
LLBP over a 64K TSL [42] baseline on a set of 14 representa-
tive server workloads. We compare LLBP against an idealized
512K TSL version, which has a 0-cycle access latency and
about the same storage budget as LLB While the 512K TSL
is unrealizable due to the long access latencies associated with
the large predictor structures, it serves as an upper bound for
the accuracy improvement achievable with 512KB of predictor
capacity. To quantify the potential headroom beyond 512KB
capacity, we also evaluate an infinitely-sized TSL. Finally, we
consider a 0O-cycle access latency version of LLBP (LLBP-
OLat) to understand the potential accuracy improvement if the
latency constraints were lifted.

Figure 4| compares the branch mispredictions of LLBP and
512K TSL, normalized to a 64K TSL baseline that exhibits
an absolute MPKI of 0.26-5.38 (avg. 2.92) (not shown in the
graph but listed in [Table T). We find that LLBP achieves a
reduction in branch mispredictions of 0.6-25% (avg. 8.8%)
over the baseline 64K TSL, corroborating prior work [37].
However, the accuracy improvement of LLBP is still far
from the idealized 512K TSL, which achieves a reduction of

>The LLBP design can store 224K patterns in the LLBP pattern store plus
30K patterns in the baseline 64K TSL. 512K TSL can hold 240K patterns.
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12.7-46.1% (avg. 27.5%) over the baseline. Even the 0-cycle
access latency version of LLBP (LLBP-OLat) falls short of
the idealized 512K TSL, revealing a significant inefficiency
of LLBP, given that it can store roughly the same number of
patterns as 512K TSL. Finally, we observe that an infinitely-
sized TSL reduces mispredictions by 13.2-54% (avg. 32.5%)
over the baseline, representing only a modest improvement of
6.8%, on average, over the 512K TSL, thus indicating that
512KB capacity captures most of the available opportunity.

III. IDENTIFYING LLBP’S ACCURACY BOTTLENECKS

In this section, we perform a comprehensive analysis of
LLBP to understand how its design choices affect prediction
accuracy. Our focus is on identifying bottlenecks that prevent
LLBP from matching TAGE at the same storage budget.

A. LLBP in the Limit

We begin our analysis with a detailed limit study of LLBP,
investigating the effect of various parameters and microarchi-
tectural constraints. We examine both TAGE and LLBP with a
zero access latency so as to focus the analysis exclusively on
accuracy (measured in MPKI) and how it is affected by various
parameters. Our metric of interest is MPKI reduction relative
to the 515KB 0O-latency LLBP design as presented in [37]].

presents a stepwise analysis where we progres-
sively remove LLBP’s various design constraints. We first
remove LLBP’s design tweaks meant to improve its prac-
ticality given latency and storage constraints (+ No Design
Tweaks). There are three such tweaks: bucketing (which limits
the number of patterns with a given history length in a
pattern set), excluding less-common history lengths used by
the primary TAGE (which limits the history lengths that LLBP
can store), and disabling SC override when LLBP provides
a useful prediction. Disabling these affords fully-associative
pattern sets, accommodates all 21 history lengths used by the
primary TAGE predictor, and re-introduces SC override.

Next, we increase the pattern tag size to 20 bits (from 13 bit)
to match TAGE’s pattern entropy (+ 20b Tagﬂ We then allow
unlimited contexts (from 14K contexts in baseline LLBP) with
31-bit context tags to eliminate aliasing (+ Inf Contexts), fol-
lowed by allowing an unlimited number of patterns per pattern

3TAGE uses a 10-bit index and 8-bit tags for short histories and 12-bit
tags for long histories. For Inf TSL, we don’t increase the table size; instead,
we provide each table with unlimited associativity and remove aliasing by
tagging each entry in addition with its PC.
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Fig. 5: Effect of successively removing LLBP’s design con-
straints on branch mispredictions normalized to the 0-latency
LLBP baseline (lower is better). Percentages show the reduc-
tion relative to the preceding configuration.

set (+ Inf Patterns). Finally, we eliminate contextualization by
replacing the RCR hash with the branch PC as context ID,
effectively creating one context per branch with no limit on
the number of patterns (+ No Contextualization).

Results of the study are shown in which plots
MPKI improvement relative to LLBP-OLat. Removing design
tweaks yields a 4.6% MPKI reduction. Longer tags provide
only a small 1.3% MPKI improvement. Unlimited contexts
deliver a 3.9% MPKI reduction, indicating that the total
number of pattern sets in the 512KB LLBP design is not a
significant limitation. The largest MPKI reduction is achieved
by allowing an arbitrary number of patterns per set (9.1%
improvement), indicating that conflicts with the pattern sets are
a major source of accuracy loss. Disabling contextualization
provides the third-largest gain of 4.3%, pointing to an overhead
caused by patterns being replicated across multiple contexts.

With all constraints removed, we find that LLBP is able
to nearly match the accuracy of an infinite-sized TAGE. The
small remaining accuracy gap is directly attributed to the
temporal window, D, which LLBP uses to initiate prefetches
early enough so as to hide its access latency. With D set to
0, we find that LLBP is able to match the accuracy of TAGE
(not shown in the figure).

Our main finding is that while multiple factors impact
LLBP’s accuracy, the two design concepts of LLBP that affect
accuracy the most are the limited number of patterns per
pattern set and contextualization, together responsible for more
than half of the accuracy gap against TAGE'| Thus, we shift
our focus to these two issues.

B. Pattern Set Utilization

We first focus on the limited number of patterns per context,
which is the single biggest source of LLBP’s accuracy shortfall
as compared to TAGE. To better understand this issue, we
examine the distribution of the number of useful patterns
per context using the configuration with unlimited patterns
and contexts (+ Inf Patterns [Figure 3). A LLBP pattern is
considered useful when its prediction correctly overrides the
baseline 64K TSL, which would otherwise mispredict.

4We note that bottlenecks can overlap and may prevent achieving the full
opportunity when removing individual bottlenecks. However, we found that
when removing only a single bottleneck per experiment (and reinstating
the bottleneck before testing the next), the same trends hold — the main
bottlenecks continue to be the limited number of patterns per pattern set and
contextualization.
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patterns they contain (same order as in [Figure 6).

We present the results in where the number of
useful patterns per context is sorted from the largest to the
smallest. For clarity of exposition, we focus on just one
application (NodeApp) and note that the trends hold for all
of the evaluated workloads.

The figure reveals that the pattern distribution is highly
skewed. The vast majority of contexts have sufficient capacity
to accommodate all useful patterns (recall each pattern set, aka
context, in LLBP contains 16 patterns). Only 14% of contexts
exceed the pattern set capacity. Meanwhile, 68% of all contexts
contain 8 useful patterns or fewer, pointing to a significant
underutilization of LLBP’s pattern sets.

Referring back to which shows only a modest
benefit from an infinite number of contexts, and combining that
with the observation above that the majority of contexts are
underutilized, we can conclude that there exists enough overall
capacity in a 512KB LLBP to accommodate the useful pat-
terns. However, uneven distribution of patterns across contexts
leads to poor space efficiency with some contexts experiencing
high conflict rates while most contexts are underutilized.

In order to understand why some contexts experience high
contention when the majority does not, we hypothesize that the
highly-contended contexts contain patterns for hard-to-predict
branches. Prior work has shown that such branches result in
many patterns (often numbering in hundreds or thousands) of
long history length being allocated in TAGE [37]], which would
explain why the LLBP contexts containing the corresponding
patterns would be overwhelmed.

To validate this intuition, we plot the average history length
of useful patterns per context in In the figure, the
contexts are sorted by the number of useful patterns they
contain, which is the same order as in The figure
confirms our hypothesis; the contexts containing the most
useful patterns (left-hand side of the figure) are also the ones
with patterns having the longest history (average history length
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Fig. 8: Duplication of patterns as a function of TAGE history
lengths and context depth W for NodeApp. The asterisks
indicate histories that differ in hash function, not length [42].

up to 112). Meanwhile, contexts containing the fewest useful
patterns (right-hand side of the figure) store patterns with the
shortest history length (average length of 17).

C. Understanding Contextualization

shows that contextualization has the second-largest
impact on accuracy of LLBP. Here, we analyze contextualiza-
tion and its impact on accuracy.

Recall from [Section TI-Cl that an LLBP context is identified
through a hash of (W) recently-executed unconditional branch
PCs, with LLBP using W=8. The parameter W is fundamental
to LLBP; larger W values create more specific contexts by
considering longer unconditional branch history, while smaller
W values yield less specific contexts. In the limit, W = 0 lumps
all patterns into a single context, whereas larger W values
spread patterns across multiple contexts for better distribution.

While large values of W seem highly desirable for their
ability to spread patterns, that comes at a cost, which is
duplication of patterns, particularly those with a short history.
Consider a conditional branch Bry, requiring a very short
history for prediction, and residing inside a function called
through an unconditional branch ub, (see [Figure 2). The more
unique contexts for ub; exist in LLBP, the more times the
pattern(s) needed for predicting Br, would be replicate(ﬂ

In [Figure 8| we quantify this behavior by showing the
duplication of patterns in LLBP as a function of history length
for different values of W. Here, duplication is defined as a total
number of useful patterns for a given history length divided
by the number of unique patterns for that history length. The
history lengths are the ones used by the baseline TAGE.

The figure shows a clear trend, with patterns of short
history length experiencing high degrees of duplication, which
decreases as the history length goes up. The duplication is
larger for bigger values of W. For instance, at history length 6
and W =2, 8.5% of patterns are duplicates, which increases to
10.1% for W =8 and 17.2% for W = 64. At a longer history
length of 78, 0.2%, 0.9% and 3.3% of patterns are duplicates
for W = 2, 8 and 64, respectively.

Pattern duplication in LLBP leads to three issues: wasted
capacity; longer training time, as each context must learn

5The reason for shorter patterns being duplicated more, particularly for
larger W, is the inherent correlation between LLBP’s unconditional branch
history (used for context formation) and TAGE’s all-branch history. As a larger
W spans more conditional branches tracked by TAGE (Figure 2), a branch
correlated only with recent history bits must replicate the same pattern in
every context deeper than the required pattern length.
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for various context depths W relative to W = 8 for NodeApp.

patterns independently; and slower adaptation to behavioral
changes, since updates occur separately. Each contributes to
increased mispredictions.

D. Summary

There exists a 25.1% accuracy gap between a O-latency
512KB LLBP and an infinite-capacity TSL. Over half of
this gap (53%) is due to the limited capacity of the pattern
sets and the overhead of contextualization. The capacity issue
affects only a small fraction (15%) of contexts yet has a
particularly acute impact on accuracy, the reason being that
these contexts store patterns for hard-to-predict branches re-
quiring a multitude of patterns. Contextualization is how LLBP
spreads the patterns across contexts; while greater degrees of
contextualization (higher W) can do a better job of spreading
the patterns and reduce capacity pressure in the pattern sets, it
comes at a cost of pattern duplication which increases training
and adaptation time, and wastes pattern set capacity.

IV. LLBP ZEN THROUGH BETTER CONTEXTUALIZATION

Contextualization in LLBP presents a tension. On the one
hand, it can be used to better spread the patterns, thus
avoiding the conflicts in the highly-contended pattern sets (left
side of [Figure 6). On the other hand, it creates problems
through pattern duplication, resulting in increased training and
adaptation time, and wasted LLBP capacity. Even at a modest
contextualization degree of W = 8 used by LLBP, duplication-
related overheads cause a 4.3% accuracy loss.

The key contribution of this work is in reconciling the
tension related to contextualization, thus leveraging it for
improved context efficiency while minimizing the overheads.
Our key insight is that only a small fraction of the pattern
sets (the ones dominated by patterns with long history length
per suffer from contention; thus, only these pattern
sets benefit from a larger W (which we refer to as a high
context depth. Meanwhile, the vast majority of the pattern sets
can enjoy a small W (shallow context depth), which would
reduce duplication and the associated overheads particularly
in training and adaptation time.

We validate this intuition through a limit study that assess
the useful predictions for each history length as a function of
context depth W. The results are plotted in which
shows the change in useful predictions for W =2 and W = 64
normalized to the LLBP baseline of W = 8.

As expected, for short pattern lengths (6-37 bits), a shal-
lower context (W = 2) dramatically improves efficiency by

reducing duplication and the associated overheads. For these
pattern lengths, useful predictions increase by 63-213%. Con-
versely, high context depth (W = 64) is detrimental with fewer
useful predictions relative to the W = 2 baseline. The trends are
reversed for long pattern lengths (232-3000 bits), for which a
high context depth helps spread out the patterns across many
contexts, thereby increasing useful predictions by 4.2-95%,
while a shallow context depth decreases useful predictions by
49-74% relative to the W = 8 LLBP baseline.

V. LLBP-X
A. Overview

We introduce LLBP-X, an augmented LLBP design that
addresses the main shortcomings of original LLBP: (1) the
skewed distribution of patterns across contexts and (2) the
redundancy for short patterns induced by contextualization.

LLBP-X is based on the insight that adapting the context
depth can effectively overcome both shortcomings. Most con-
texts benefit from a shallow context depth, which increases
pattern set utilization and reduces redundancy. Conversely,
a few contexts, particularly those containing hard-to-predict
branches that require many patterns, benefit from a deeper
context depth. By distributing the patterns of these contexts
across more pattern sets, a deep context can achieve higher
coverage and reduce potential conflicts.

LLBP-X introduces a dynamic approach to context depth
adaptation, addressing the inherent trade-off between storage
efficiency and pattern coverage. By default, context depth
is set to W = 2 to minimize redundancy and training time.
When a context accumulates a significant number of confident
patterns, LLBP-X increases the context depth to W = 64
for that specific context, effectively spreading patterns across
additional pattern sets, minimizing conflicts. LLBP-X uses
only two W values as empirical studies showed only marginal
accuracy gains with additional values, not justifying increased
hardware complexity.

To determine when to increase context depth, LLBP-X
employs two complementary heuristics: The first heuristic is
based on the number of patterns in a context. When the number
of patterns in one of the pattern sets exceeds a threshold Tiax.,
LLBP-X starts tracking the length of allocated patterns in the
context. The second heuristic is based on the insight from
that the number of patterns correlates with the
history length. LLBP-X increases the context depth to W = 64
when the average history length of the patterns in the context
exceeds a threshold Hy,.

To further improve coverage, LLBP-X couples the dynamic
context depth adaptation with history length selection. Recall
that the original LLBP design limited the set of history lengths
to just 16 out of the 21 maintained by TAGE, thus sacrificing
coverage in order to keep the design simple and fast. Based
on the observation in we note that the choice
of context depth naturally correlates with history length —
shallower contexts are chosen because most patterns have
a short history length, whereas deeper contexts must keep
longer history lengths. Based on this insight, LLBP-X can
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Fig. 10: LLBP-X architecture overview. Green are the com-
ponents modified from the original LLBP design.

accommodate all 21 history lengths while keeping hardware
fast and simple by allowing deeper contexts to keep longer
histories, and shallow contexts shorter ones.

Figure 10| provides an overview of LLBP-X’s architecture,
where the green components represent the newly introduced
components and modifications to the baseline LLBP design.

B. Dynamic Context Depth Adaptation

B.1) Learning Context Depth A key objective of LLBP-X
is to detect contexts suffering from high contention, which
would therefore benefit from increased context depth. By
default, every context uses a shallow context depth (W = 2) to
maximize storage efficiency and improve training time. LLBP-
X dynamically responds to high pressure in pattern sets by
transitioning to a deeper context depth of W = 64, effectively
providing additional capacity for contexts with many patterns.

To achieve this, LLBP-X utilizes an additional set-
associative structure, the Context Tracking Table (CTT), which
monitors highly contended contexts and serves as a selector
determining whether a context should use shallow or deep
context depth.

LLBP-X identifies contended contexts using the PB
to monitor pattern set utilization through the confi-
dence bits of patterns’ prediction counters. When the number
of confident patterns in a set exceeds a predefined threshold,
the PB signals the CTT via an overflow signal to begin tracking
that context.

Once tracked in the CTT, the transition to deeper context is
not instantaneous. Instead, the CTT monitors the history length
of pattern allocations using a saturating counter (avg-hist-len).
When a pattern is allocated that exceeds a threshold history
length (H;,), avg-hist-len increments; otherwise, it decrements.
Upon the avg-hist-len counter reaching saturation, the context
transitions to deep context (W = 64) by setting the depth bit.
The rationale behind the history-based adaptation is based on
our insight that the length of a history and the depth of contexts
are tightly correlated: longer patterns typically arise in contexts
with complex branching behavior, which benefit from deeper
context.

visualizes the CTT entry organization, consisting
of a tag, the avg-hist-len counter, a depth bit indicating shallow
(W =2) or deep context depth (W = 64), and replacement
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Fig. 11: LLBP-X’s pattern matching with history length range
selection for the first pattern in a pattern set

bits. Each CTT entry maps to exactly one shallow context
(W =2) regardless of the actual context depth used. For W =2,
the CTT entry naturally corresponds to a single CD entry. At
W =64, one CTT entry effectively tracks multiple CD entries.

The adaptive mechanism remains active even after switching
to W = 64. If branch behaviour changes and the history
length of allocated patterns becomes shorter, the context can
dynamically revert to the shallow W = 2, ensuring continuous
use of the optimal context depth. The switching threshold
adds a hysteresis to avoid a ping-pong effect. Nevertheless,
each transition incurs a cost: patterns from the previous depth
are lost and must be relearned from scratch. This switch-
ing penalty is the main reason that more than two distinct
context depths don’t lead to additional performance gains—
the retraining overhead offsets the gains from finer adaptation
granularity.

B.2) Generating Context ID The Rolling Context Register
(RCR) is modified to compute two distinct rolling context IDs:
CID, and CIDg4. CID;, is hashed from two unconditional
branches, creating a context ID for a shallow context depth
(W = 2). Likewise, CIDg4 is computed using a hash of 64
unconditional branches, representing a deep context.

Upon predicting an unconditional branch, the RCR simulta-
neously updates both context IDs. These IDs are then routed
through a multiplexer controlled by the CTT. The selection
mechanism works as follows: CID; is used to index the CTT,
and upon a hit, the depth bit determines whether to select CID,
or CIDg4. Upon a tag miss CID; is selected.

The selected context ID is subsequently used to access
the context directory (CD), which proceeds with the standard
prefetch operation if a pattern set for the context is found.

The selection between CID; and CIDg4 is required for both
the prefetch context ID (PCID) and the current context ID
(CCID, which indexes the Pattern Buffer). While this suggests
a need for two CTT accesses per RCR update, in practice,
however, only one access is required for the PCID, as the
depth bit can be cached between the prefetch trigger and the
context activation in the Pattern Buffer (PB).

Crucially, the entire context depth selection process happens
off the critical prediction path and does not interfere with the
prediction logic of the pattern buffer.

C. History Range Selection

The dynamic adaptation mechanism of LLBP-X provides
an opportunity to re-examine and refine design choices in



the original LLBP [37]. One such design decision is the
selection of history length. Recall, that the original LLBP
design considered only a subset of 16 of the TAGE’s original
21 histories.

As our earlier investigations in reveal, contexts
with a shallow depth (W = 2) predominantly contain short
patterns, whereas deep contexts (W = 64) typically contain
longer patterns. Exploiting this observation, LLBP-X uses two
different ranges of history lengths based on context depth.

Under this refined strategy, patterns in shallow contexts
(W = 2) are restricted to use shorter histories (namely, the
first 16 history lengths tracked by TAGE), while patterns in
deep contexts (W = 64) are restricted to TAGE’s 16 longer
history lengths. If LLBP-X attempts to allocate a pattern with a
history length outside the currently active range, the allocation
is dropped. However, the avg-hist-len counter is still updated,
which may eventually trigger a context depth transition. Our
design continues to employ LLBP’s bucketing mechanism and
splits the active histories evenly between four buckets.

By restricting the history lengths according to context depth,
LLBP-X significantly improves pattern set utilization and
reduces bucket conflicts, ultimately enhancing accuracy.

shows LLBP-X’s prediction path for the first
pattern in a pattern set; the context depth bit serves a dual
purpose: not only it indicates the context depth, but also
feeds directly into the history length multiplexer. This bit
effectively partitions the history length selection, allowing
patterns in shallow contexts (W = 2) to select between four
short history lengths, while the patterns of deep contexts
(W = 64) choose between four long history lengths. The
implementation requires minimal modification to the original
LLBP design. Only the depth bit must be passed together with
the CCID to the pattern buffer. Additionally, LLBP-X extends
the LLBP’s four-way multiplexer to an eight-way multiplexer.

D. Discussions

D.1) Multiple Predictions per Cycle Today’s processors
feature increasingly wider pipelines, requiring multiple branch
predictions per cycle [7], [44]. LLBP-X is well-suited to per-
form multiple predictions per cycle: For conditional branches
within the same context (with no intervening unconditional
branches), a single PB access suffices by replicating the
pattern-matching logic. For branches that cross different con-
texts, dual-porting the PB is needed to support simultaneous
reads of two pattern sets. Similarly, fetching multiple uncon-
ditional branches per cycle requires extending the RCR, CD,
and CTT to compute and look up multiple consecutive PCIDs
per cycle.

D.2) LLBP-X in an Overriding Predictor Modern branch
predictors cannot make a prediction in a single cycle due to
high clock frequencies and architectural complexity [1], [21],
[45]. Instead, they employ overriding schemes where a fast,
simple predictor (e.g. bimodal) provides an initial prediction,
later confirmed by the TAGE predictor [[12], [31]], [54]]. When
TAGE disagrees, the pipeline must be redirected, exposing
TAGE’s prediction latency.

[Application (branch MPKI)

NodeApp (4.43) NodeJS webserver
PHPWiki (3.08) PHP wiki web server
TPCC (3.74), Twitter (3.03), Wikipedia (2.52) | Java BenchBase suite [10] |
Kafka, (0.26), Spring (3.58), Tomcat (3.4) TJava DaCapo suite [5] B
Finagle-chirper (0.48), Finagle-HTTP (2.81) |Java Renaissance suite [48] |
Charlie (2.89), Delta (1.09), Merced (4.13),| Google traces [|11] N
Whiskey (5.38)

TABLE I: Workloads with branch MPKI for 64K TSL.

[Description |

Core 4GHz, 8-way 000, 576 ROB, 190/120 LQ/SQ
Branch Pred 64KiB TAGE-SC-L [42], LLBP [37], LLBP-X
BTB 16K entry, 8-way
Caches L1-I: 64KiB, 16-way, 4 cycle, 10 MSHRs

L1-D: 48KiB, 12-way, 5 cycle, 16 MSHRs

L2: 3MiB, 16-way, 16 cycle, 32 MSHRs

LLC: 8MiB, 16-way, 30 cycle, 64 MSHRs
Prefetchers Instructions: FDIP, Data: BOP [30], L2: Next-line
Memory DDR4 3200MHz, 12.5ns RCD/RP/CAS

TABLE II: Parameters of the simulated processor.

LLBP-X offers two attractive design options in this context.
First, its Pattern Buffer, the only component required for
prediction, is significantly smaller than TAGE (< 5% in our
implementation), enabling earlier overriding than TAGE and
reducing redirection penalty (evaluated in[Section VII-C)). Sec-
ond, LLBP-X could complement a smaller TAGE implementa-
tion, maintaining accuracy while reducing overriding penalties
and ultimately improving the overall performance and energy
efficiency. We touch on this trade-off in but
save a more extensive evaluation for future work.

D.3) Area Overhead LLBP-X introduces three sources of
storage overhead with respect to the original LLBP design.
The newly added CTT contributes the largest overhead, adding
9KB of storage to the original LLBP (details in
sensitivity study in [Section VII-F)). Furthermore, the RCR

depth is expanded from 8 to 64 unconditional branches, adding
224 bytes of capacity. Finally, we empirically found that a
threshold of 7 confident patterns per pattern set before con-
text tracking provides optimal performance. This necessitates
increasing replacement bits in the CD from 2 to 3, adding
142 bytes. Correspondingly, LLBP-X incurs a total capacity
overhead of 9.36KB, a 1.8% increase over LLBP.

VI. METHODOLOGY

Workloads To facilitate a direct comparison with the origi-
nal LLBP design, we study the same set of server traces used
in that work [37] (see [Table I). These comprise seven Java
benchmark workloads [5], [[10], [22], [48]], two web services
(NodeApp [13] and PHPWiki [17]), and four Google data
center workloads [11]]. All traces include both user and kernel
space instructions, and are collected via gem5 [27].

Hardware Experiments: We use the following server setups
to conduct hardware experiments in

Sapphire Rappids: A SuperServer SYS-121H-TNR [49]
server featuring a 4th Gen. Intel Xeon 5418N Processor [18]]
and 128GB of DDRS memory.
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Fig. 12: Branch misprediction reduction over 64K TSL. Original MPKI shown in

Skylake: A c220g5 server node in the CloudLab cluster at
University of Wisconsin [8]], featuring an Intel Xeon Silver
4114 (dual socket 10-core) [51]] and 192GB of DDR4 memory.

Simulator Infrastructure: For characterization and sensitivity
studies focused on branch predictor accuracy, we use the trace-
based simulation framework from LLBP [37], which enables
rapid prototyping and design space exploration. For perfor-
mance evaluations, we integrated LLBP-X into gem5 [4], [14],
[27] v25.0.0.0, allowing detailed cycle-accurate, full-system
simulations. We fixed the speculative history update of TAGE-
SC-L in gem5 [34], integrated patches for the decoupled front-
end [33]], [36], and configured the system with parameters in
reflecting a high-performance industry baseline [24]],
[25]). Branch predictor simulations execute 100M warmup and
200M measurement instructions, while gem5 simulations run
for 200M warmup and 300M measurement for better cache
warmup. Both the LLBP-X model and the gem5 port are
publicly available to facilitate future researclﬂ As the Google
traces are only available in trace format and thus incompatible
with gem5’s full-system simulation, we omit them in the
performance evaluation.

Simulated designs:
64K TSL: The baseline in this work is 64KB TAGE-SC-L [42]].

LLBP: as proposed in [37], augmenting a 64K TSL. 64-entry
PB, 14K contexts, and 16 patterns per pattern set. Storage
budget: S15KB. We use 16 histories, a prefetch distance D =4,
a context depth W =8, and 6 cycles access latency for LLBP.

LLBP-X: Our proposal uses the baseline LLBP design as
the starting point and makes the following modifications
(parameters were determined using empirical studies):

The CTT is 6-way set associative with LRU replacement.
Each entry contains a 6-bit tag, a 3-bit avg-hist-len counter,
one depth bit, and two replacement bits. The total capacity of
the CTT is 9KB, which allows for tracking 6K contexts.

The pattern buffer sends the overflow signal once a pattern
set is filled with 7 high confidence patterns. The saturating avg-
hist-len counter is incremented whenever the history length
of a pattern allocation exceeds the length 232, otherwise,
the counter is decremented. The avg-hist-len counter triggers
a depth switch once exceeding a value of 7. LLBP-X uses
history lengths 6-232 for the shallow context depth (W = 2)
and 37-3000 for the deep context (W = 64). The combined PB
and baseline TAGE results are fed into the SC.

6CBP and gem5 models of LLBP-X: https://github.com/dhschall/LLBP-X
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Fig. 13: LLBP-X’s speedup over 64K TSL

VII. EVALUATION
A. Prediction Accuracy

We first evaluate LLBP-X’s effectiveness in reducing branch
mispredictions by comparing it against the original LLBP
design [37]]. To establish an upper bound for dynamic context
depth adaptation, we include a configuration (called LLBP-X
Opt-W) where the optimal context depth (W=2 or W=64) for
each context is found ahead of time, thus avoiding the need
to retrain when switching from a shallow to a deep context.

[Figure 12| illustrates branch MPKI reduction across all
14 benchmarks relative to the 64K TSL baseline (absolute
mispredictions listed in [Table T). LLBP-X achieves consistent
MPKI reductions of 1.4-27% (average 12.1%), peaking at 27%
with NodeApp. This represents a 36% average improvement
over the original design, with an absolute gain in branch
prediction accuracy ranging from 0.8% to 11.5% (average
3.6%). Notably, these substantial accuracy improvements are
achieved through minimal modifications to the baseline LLBP
design and negligible additional area.

The optimal context depth configuration (LLBP-X Opt-W)
reduces MPKI by 1.7-28.4% (avg. 12.6%), indicating that
LLBP-X’s dynamic adaptation achieves accuracy within 97%
of the optimal. For Chirper, LLBP-X manages to surpass the
Opt-W configuration by continuously adapting W throughout
execution. The combination of high efficiency, significant
MPKI reduction, and minimal design complexity make LLBP-
X a compelling option for adoption in real-world design.

Despite these gains, a substantial gap remains compared
to an equally sized, idealized 512K TSL predictor, which
achieves a 12.7-46.1% (avg. 27.5%) reduction in mispre-
dictions. Closing this gap remains an open opportunity for
future work, and the insights developed in this study provide
a foundational understanding for further advancing LLBP’s
contextualization mechanisms to reach TSL-like accuracy.

B. Speedup

We use gem5 to evaluate LLBP-X’s performance improve-
ment achieved through increased branch prediction accuracy
by comparing its speedup over 64K TSL baseline with the
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Fig. 14: (a): Prefetch effectiveness with (upper) and without
(lower) false path (FP) prefetches. (b): LLBP-X in an overrid-
ing scheme.

original LLBP design. For reference, we also include an
idealized 512K TSL with O-cycle access latency, representing
the theoretical upper bound for comparable storage.

shows that LLBP-X achieves a 1% average
speedup (0.08-2.7%) over the 64K TSL baseline, consistently
outperforming LLBP’s 0.71% average speedup (0.02-2.2%).
This represents 42% of the gains achieved by the ideal 512K
TSL, which improves performance by 2.4% on average.

C. Prefetch Efficiency, False Path and Overriding Effect

The execution-driven gem5 simulator enables detailed tim-
ing evaluation of LLBP-X’s integration with the core pipeline.
We are interested in (1) the effectiveness of LLBP-X’s
prefetching mechanism and (2) the effect of false path
prefetches, and (3) LLBP-X’s integration with an overriding
pipeline (discussed in Section [D.2)]

Prefetch Efficiency: We categorize prefetches into (1)
prefetches that arrive too late in the PB, (2) those that arrive
on time, and (3) prefetched pattern sets that are never used
for prediction (no pattern matches). Our results in
(upper bar) indicate high coverage, with 84% of prefetches
arriving on time. However, only about two-thirds of the
prefetches are useful for predictions (40% over-prefetches),
revealing a significant opportunity for future work to reduce
LLBP-X’s power consumption.

False Path Effects: To understand false path effects, we
mark pattern sets with prefetch timestamps and flush pattern
sets brought into the PB by false path instructions upon a
misprediction. As shown in the bottom bar of
omitting false path prefetches reduces overprefetches by 56%,
but also leads to a 8% reduction in coverage and a 1.4% drop
in prediction accuracy (not shown in the graph), showing that
false path prefetches provide benefit despite contributing to
unused prefetches.

Overriding Scheme: We model an overriding scheme
where the bimodal component of TAGE-SC-L and the PB
of LLBP provide their prediction within one cycle. If the
prediction from the TAGE or the SC components differs from
and overrides this initial prediction, we model an overriding
delay by stalling the decoupled branch predictor for 3 cycles,
a duration based on open-source implementations of TAGE-
SC-L [47], [54].

In we compare the speedups of LLBP-X and
a 128K TSL version relative to a 64K TSL baseline. All
configurations utilize the same 3-cycle overriding scheme. The
results show that the 128K TSL achieves a 0.6% average
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Fig. 15: Comparison of transfer bandwidth (a) and energy
consumption (b) of LLBP-X and LLBP.

(b) Energy estimation

speedup, whereas LLBP-X achieves a 1.4% average speedup
over the 64K TSL baseline.

D. Transfer Bandwidth and Energy Estimation

In this section, we analyze LLBP-X’s communication band-
width requirements and energy consumption characteristics.

Bandwidth: We evaluate the read and write traffic between
LLBP-X’s pattern store and pattern buffer, comparing it with
the original LLBP design. Both implementations transfer 288
bits per read or write transaction.

Figure 154l illustrates the bits transferred per instruction
for both designs. Pattern set reads dominate the bandwidth
consumption, with only a fifth on the pattern set writes. LLBP-
X achieves a 6.1% reduction in transfer bandwidth compared
to LLBP, requiring only 9.9 bits per instruction versus LLBP’s
10.6 bits, while simultaneously delivering higher prediction ac-
curacy. The reason for LLBP-X having lower bandwidth usage
is the reduced duplication of patterns due to shallow context
and the more precise contextualization for deep contexts that
reduces the volume of unused prefetches.

Energy: To assess energy efficiency, we compare LLBP-
X’s energy consumption against the original LLBP design
using CACTT 7.0 [3]] for 22nm technology. The pre-existing
structures—CD, PB, and LLBP—are modeled as 7-way, 4-
way associative and directly mapped caches, respectively. The
CD is 8-bit wide, whereas PB and LLBP are 36-byte wide.
TAGE is modeled as a direct-mapped, 42-byte wide cache
(21 tables * (12b tag + 3b counter + 1b useful bit)). The
new CTT component is modeled as a 6-way set associative
structure with a 2-byte access width. Our analysis focuses
only on the energy consumption of LLBP-X’s structures,
excluding transfer energy and pipeline energy savings from
improved prediction accuracy. The total energy consumption
is calculated by weighting each structure’s access energy with
its access frequency: the PB requires access every cycle, while
CD and CTT are accessed only during unconditional branch
execution, and LLBP-X’s pattern store is accessed exclusively
on CD hits and pattern set writebacks.

shows LLBP-X’s energy consumption relative to
the original LLBP. We observe that LLBP-X’s reduced volume
of pattern set reads results in 5.4% lower access energy to the
LLBP pattern store. However, the CTT (a new structure in
LLBP-X) carries an additional energy cost of 5.2% relative
to LLBP, which eats up these savings. As a result, LLBP-X
increases energy consumption by 1.5% over the original LLBP.
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Fig. 16: LLBP-X pattern store size (a) and baseline TAGE
size (b) sensitivity on MPKI reduction. (a) is relative to 64K
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graphs, higher is better.

E. Optimization Breakdown

LLBP-X introduces two key optimizations to enhance the
accuracy of the baseline LLBP design: dynamic context depth
adaptation and dynamic history range selection. To quantify
the impact of each optimization, we analyzed their individual
contributions to the overall accuracy improvement (graph
omitted for brevity). We find, dynamic context depth adap-
tation accounts for 82% of the MPKI reduction compared to
LLBP, while dynamic history range selection contributes 18%.

FE. Sensitivity Study

We perform a sensitivity study to determine the optimal
parameters for Hy;, and the size of the CTT (the graphs for
this study are omitted for brevity). For H,,, we sweep history
length ranging from 37 to 1444 and measure the relative
MPKI reduction compared to the 64 TSL baseline. We find
the best performance is achieved with H;, = 232 (13.6%
reduction), and the worst performance was observed with
H,,=1444 (12.2% reduction). Most benchmarks show minimal
sensitivity around the optimal value, with exceptions in Spring
(optimal H;,=112) and Merced (optimal H,,=1444).

Similarly, we sweep the size of the CTT from 4K to 8K
entries while maintaining a constant set size of 1K entries.
We found that beyond 6K entries, no further reduction was
observed, with 6K entries reducing mispredictions by 13.6%
compared to 12.8% with 4K entries. Based on these findings,
we configure LLBP-X with a 6K-entry, 6-way associative
CTT, adding 9KB of storage (1.7% increase over LLBP).

G. Sensitivity to Predictor Capacity

We investigate how LLBP-X’s pattern store capacity and
baseline TAGE size affect prediction accuracy using a O-cycle
pattern store access latency model.

LLBP: We sweep the size of LLBP-X’s pattern store
from 8K to 128K contexts (the baseline LLBP-X tracks
14K contexts), maintaining all other structures and using a
fully associative context directory. shows LLBP-
X’s MPKI reduction relative to the 64K TSL. The results
demonstrate consistent accuracy improvements with increasing
pattern store size, with MPKI reductions ranging from 10.5%
(8K contexts) to 17.6% (128K contexts), indicating scalability
with future transistor budgets.

TSL: We vary baseline TAGE sizes from 8K to 64K entries
by adjusting pattern table entries (128 to 1K per table) while

maintaining the configuration of Statistical Corrector and loop
predictor. shows that with a fixed 14K-context
LLBP-X capacity, LLBP-X maintains effectiveness even with
reduced TAGE sizes, achieving a 2.6% MPKI reduction with
a 4x smaller baseline TAGE (16K TSL). Such a smaller TSL
configuration, despite potential accuracy trade-offs, could yield
better overall performance through reduced access latency
and energy consumption, as discussed in Section Our
experiments demonstrate LLBP-X’s potential to compensate
for accuracy loss with smaller predictors while enabling higher
overall performance.

VIII. RELATED WORK

Jiménez [20] proposed prefetching prediction counters into
a small-and-fast structure using old global histories, applied
to a simple gshare predictor with a fixed history length. In
contrast, LLBP-X uses program context to prefetch TAGE
metadata for multiple patterns of varying history lengths in
a single lookup, performing this operation at most once per
context rather than every cycle.

Prior work [6], [43]], [44]] explored hiding predictor latency
through ahead-pipelining, which starts prediction early with
incomplete history and pre-computes multiple predictions in
parallel. While recent work [6] addressed energy concerns
of ahead-pipelining by replacing multi-ported predictors with
”dual-tag” pattern matching, ahead-pipelining still requires ac-
cessing the entire predictor every cycle. The high power draw
from frequency accessing a large predictor prevents scaling
up predictor capacity. LLBP-X shares the same philosophy of
prefetching based on incomplete history but uniquely accesses
the main storage only when program context changes and the
context is tracked in the CD. These fewer lookups are the key
feature of LLBP-X that unlocks the larger storage capacity
prior approaches cannot achieve.

A number of works, including [9]], [32] have focused on
“Impossible to predict” data-dependent branches, and pro-
posed precomputing branch outcomes by executing the neces-
sary instructions ahead of time. These works are orthogonal to
our work, which seeks to improve accuracy for branches that
can be predicted accurately given sufficient predictor capacity.

Recent work, Whisper [22], analyzed branch prediction in
server workloads and identified that TAGE-SC-L’s limited
capacity constrains prediction accuracy. To address this lim-
itation, Whisper proposed a cross-layer solution combining
offline application profiling, ISA extensions, and specialized
prediction circuits. While effective, this approach is highly
invasive as it requires extensive cross-layer support and de-
pends on having representative application profiles. In con-
trast, LLBP-X takes a purely microarchitectural approach that
requires neither profiling nor ISA modifications.

Several approaches have leveraged machine learning to
target hard-to-predict branches [50]], [53]. However, these
solutions require offline profiling, architectural modifications,
and operating system support, making them difficult to adopt
compared to pure microarchitectural solutions.



IX. CONCLUSION

Modern server workloads challenge branch prediction due to
their expanding instruction footprints, while predictor capac-
ities remain latency-constrained. Although the recently intro-
duced LLBP design shows a promising way forward by aug-
menting TAGE with decoupled metadata storage, it exhibits
significant limitations compared to conventional predictors.
This work shows that pattern contention and duplication are
the primary sources of inefficiencies. We address these issues
through dynamic contextualization, substantially improving
LLBP’s accuracy with minimal hardware modifications.
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APPENDIX

A. Abstract

This artifact provides the framework used in our work
to analyze LLBP and develop LLBP-X, available at https:
//github.com/dhschall/LLBP-X. The repository contains two
main components.

The first is a trace-based evaluation framework, including
an LLBP-X implementation compatible with simulators such
as ChampSim or CBP. We also provide a lightweight simulator
that models only the branch predictor, enabling rapid design
exploration. It includes implementations of LLBP-X, LLBP,
and TAGE-SC-L.

The second component is a gem5 implementation of LLBP-
X and LLBP. We reuse as much of gem5’s existing TAGE code
as possible to simplify integration and reduce redundancy,
though structural differences in gem5 may introduce minor
model discrepancies.

The artifact is intended to support future research by
documenting how to build and run both models. While it
illustrates the full workflow for the trace-based framework—
obtaining sources and traces, building and running predictors,
and analyzing results—it does not aim to reproduce every
result presented in the paper.

Finally, provides instructions for integrating
LLBP-X into gem5 and running a simple hello world
example.

B. Artifact check-list (meta-information)
o Compilation: C++ compiler with C++20 standard.

e Model: LLBP-X and LLBP models for CBP/ChampSim and
gemS.
o Data set: Traces are available at https://zenodo.org/do1/10.

5281/zenodo.13133242. Download traces using the supplied
script.

e Metrics: Branch mispredictions (MPKI)

« Experiments: Use the provided script to evaluate branch MPKI
reduction.

« How much disk space required (approximately)?: ~25GiB
for the traces + ~5GiB for gem5

« How much time is needed to prepare workflow (approxi-
mately)?: ~1-2 hours. Mostly to download the traces.

« How much time is needed to complete experiments (ap-
proximately)?: Each configuration takes between 15 and 45
minutes to simulate, depending on the model, the benchmark,
and the used machine. Running all 84 configurations on a 32-
core machine should take about an hour. Building gem5 takes
another ~15 min. Running the simple hello world example just
a few seconds.

« Publicly available?: Yes

o Code licenses (if publicly available)?: MIT

« Workflow automation framework used?: GitHub actions are
used for continuous integration tests.

e Archived (provide DOI)?: |ttps://doi.org/10.5281/zenodo.
17807918

C. Description

1) How to access: The source code is publicly available
on GitHub (https://github.com/dhschall/LLBP-X) or Zenodo
(https://doi.org/10.5281/zenodo.17807918).

2) Hardware Dependencies: The LLBP-X framework can
be used on any system with a general-purpose CPU and at least
36 GiB free disk space to store the traces and build gemS5.

3) Software Dependencies: The framework requires a C++
compiler with C++20 standard, CMake 3.22 or above, and
depends on the boost library. It is tested on Ubuntu 20.04
and 22.04 with GCC v9.4.0 and v11.4.0 and Clang v11.0 and
v14.0. For plotting the graphs, the matplotlib library and a
Jupyter notebook are used.

Running gem5 experiments requires all dependencies to
build gem5. Refer to the gem5 documentation for details [[15]]

4) Data sets: The server traces used to evaluate LLBP are
available on Zenodo (https://zenodo.org/doi/10.5281/zenodo.
13133242) and can be downloaded using the supplied script.
Ten traces were collected while running server applications on
gem5 in full system mode, while four traces were obtained
from the Google Workload Traces (https://dynamorio.org/
google_workload_traces.html). All traces are converted into
the ChampSim [16] format.

D. Installation

To obtain the source code, install all dependencies, and build
the simulator, execute the following commands.

# Clone the LLBP-X repository:
git clone https://github.com/dhschall/LLBP-X.git

# Install dependencies
sudo apt install -y cmake libboost-all-dev \
build-essential pip parallel wget


https://github.com/dhschall/LLBP-X
https://github.com/dhschall/LLBP-X
https://zenodo.org/doi/10.5281/zenodo.13133242
https://zenodo.org/doi/10.5281/zenodo.13133242
https://doi.org/10.5281/zenodo.17807918
https://doi.org/10.5281/zenodo.17807918
https://github.com/dhschall/LLBP-X
https://doi.org/10.5281/zenodo.17807918
https://zenodo.org/doi/10.5281/zenodo.13133242
https://zenodo.org/doi/10.5281/zenodo.13133242
https://dynamorio.org/google_workload_traces.html
https://dynamorio.org/google_workload_traces.html

pip install -r analysis/requirements.txt

# Compile the simulator
mkdir build

cd build
cmake —-DCMAKE_BUILD_TYPE=Debug ..
cd ..

cmake --build ./build -j $(nproc)

The traces used to evaluate LLBP-X can be obtained from
Zenodo with:

./scripts/download_traces.sh

E. Simulation

To reproduce the MPKI reduction of LLBP-X, similar to
Figure 12| use the following command to launch the simula-
tions for all branch predictor models and benchmarks.

./scripts/eval_all.sh

F. Evaluation and Expected Results

The results folder should contain 84 statistic files,
with six files per benchmark. Use the Jupyter Notebook
./analysis/mpki.ipynb to parse the files and evaluate
the results. Press Run All to execute all notebook cells.
This should produce two PDFs plotting absolute MPKI and
MPKI reduction. The MPKI reduction should be similar to

the reduction reported in [Figure 12]in [Section VII-A]

G. Experiment Customization

The README.md file provided with the repository con-
tains additional information on the code structure along with
instructions to run individual experiments. The source code
is well-documented, with clear and concise comments that
explain variables, parameters, and methods. Most of the
configuration parameters for LLBP can be found in the
LLBPXConfig struct within the file.

H. gem5 Experiments

This section explains how to integrate and use the LLBP-
X gem5 model to support future research. Because setting
up full-system simulations with complex server workloads is
beyond the scope of this artifact—and is already documented
extensively in prior work [15]], [23]], [35]—we do not provide
the full system setup used in our evaluation. Instead, we focus
on demonstrating how to integrate the model into gem5 and
how it operates using a minimal hello-worldéxample.

This section explains how to integrate and use the LLBP-X
gem5 model to support future research. For simplicity, we do
not provide the full-system setup or server workloads used
in our evaluation; for these, we refer readers to the gem5
documentation and existing frameworks from prior work that
present these details [15]], [23]], [35]-

The artifact does not include the full gem5 source tree.
Instead, it provides only the new LLBB-X model and the
modified TAGE-SC-L components needed for integration. The
steps below outline how to obtain gem3, integrate the models,
build gemS5, and run a simple Hello World example using
the different branch predictors.

1) Setup: Refer to the gem5 documentation [[15] to set up
all dependencies required to build gem5 on your system. To
prepare the gemS5 simulation and build the sources, run the fol-
lowing steps inside the LLBP-X directory, or for convenience,
run the ./scripts/setup_gem5. sh script.

# Clone gemb

git clone git@github.com:gem5/gem5.git
# Check out the compatible version

cd gemb

git checkout v25.1.0.0

# Copy the LLBP-X models into the gem5 source tree
cp -r ../gembmodels src/cpu/pred/

# Apply patch

git apply ../scripts/llbpx.patch

# Build gem5

scons build/ARM/gem5.opt —-j $(nproc)

2) Run Experiment: To test the models, a simple configuration
script is provided in the scripts folder (se-11bp.py). You can
run the example using LLBP-X as the branch predictor with:

cd gemb
./build/ARM/gem5.opt \
./../scripts/se-11lbp.py ——bp=LLBPX

Alternatively use:
./scripts/run_all_gem5.sh

to simulate the three models—LLBP-X, LLBP, and TSL64k—
and print their branch misprediction counts. For the simple
hello-world example, all three models should report around 56
mispredictions.

1. Methodology
Submission, reviewing and badging methodology:

o |https://www.acm.org/publications/policies/artifact-review-and-
badging-current
https://cTuning.org/ae
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