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Abstract
The multiperspective perceptron predictor (MPP) is a branch pre-
dictor based on the idea of viewing branch history from multiple
perspectives. The predictor is a hashed perceptron predictor using
previous outcomes and addresses of branches organized in ways
that go beyond traditional global and local history. MPP is com-
bined with the winner of the previous CBP, TAGE-SC-L. This paper
describes MPP, the combining procedure, and various optimizations.
Performance and accuracy are quantified and the storage used is
accounted. The CBP organizers’ script reports the aggregate branch
mispredictions per kiloinstruction as 3.3895 and the cycles on the
wrong path per kiloinstruction as 144.699.

1 Introduction
Branch predictors typically use global and/or local (i.e. per-branch)
history to match or find correlations between previous branch
outcomes and the current branch. However, there are many other
ways to organize history beyond global and local. For example,
inspired by the work of Albericio et al. [3], Seznec et al. propose
using the inner-most loop iteration counter (IMLI) [13] as a feature
in a hashed perceptron predictor together with local and global
history as an additional component of a TAGE-SC-L predictor.

This paper describes a hashed perceptron predictor [15] that
incorporates many kinds of branch history to make a prediction.
This multiperspective perceptron predictor (MPP) is combined with
TAGE-SC-L to achieve good accuracy given a 192KB hardware
budget. This paper updates the idea initially presented as the “mul-
tiperspective perceptron predictor” with and without TAGE in CBP
2016 [? ? ].

2 Background and Related Work
The original perceptron branch predictor [9] used a table of percep-
tron weights vectors to predict the outcome of conditional branches
by selecting a vector of small integer weights using the branch ad-
dress, then finding the dot product of this vector with the global
history in a bipolar representation. The weights were trained with
perceptron learning: when the outcome of the branch matches a
branch in the history, the corresponding weight is incremented, oth-
erwise it is decremented, saturating at the maximum and minimum
values for the bit width of the weights. A bias weight is also trained
with the outcome of the branch without respect to any previous
branch in the global history.

A number of improvements were proposed to improve accuracy
and latency: ahead pipelining with path information [7], piecewise
linear decision surfaces to get around the linear separability prob-
lem of perceptrons [8], and hashing history and path features to
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reduce the number of tables needed [10, 11, 15]. Perceptron-based
branch prediction has gained considerable adoption in industry by
companies such as AMD, Samsung, Oracle, IBM, and others [1, 5, 14]
and other areas of microarchitectural prediction [2, 4, 16].

The hashed perceptron predictor [15] is similar to an idea of Loh
and Jiménez called modulo path-history [10], while O-GEHL [11]
is a very specific instance of the general technique. The idea is
to have several tables, each indexed by a different hash of branch
history. The tables have saturating confidence weights. The selected
weights are summed and the prediction is taken if the sum is at
least zero, not taken otherwise. On a mispredict or low-confidence
correct prediction, the corresponding weights are incremented if
the branch is taken, decremented otherwise. The hashed perceptron
predictor, like modulo path-history and O-GEHL, improves over
the original perceptron predictor [9] by breaking the one-to-one
correspondence between weights and history bits, allowing a more
efficient representation.

3 Multiperspective Perceptron Predictor
The multiperspective perceptron predictor (MPP) is a hashed per-
ceptron predictor that uses several different kinds of control-flow
history information to form hashes into tables, read out weights,
sum them, and threshold the sum to make a prediction. The sum
of weights is called yout from the original perceptron paper. It is
updated by incrementing or decrementing 6-bit saturating weights
based on whether the branch is taken or not taken, respectively.
The paper describes the features in detail. Training is done for mis-
predicted branches as well as for branches where the magnitude of
the perceptron sum fails to exceed a training threshold, θ , that is
set using a simplified version of Seznec’s training algorithm from
O-GEHL [11].

MPP uses a transfer function to improve accuracy by boosting
values of more confident weights. The features and the transfer
function were initially tuned using a genetic algorithm, then fine-
tuned by making small random tweaks and hill-climbing.

The CBP 2025 simulator makes several predictions before doing
an update, so speculative update of histories is highly recommended.
To ease the burden on competitors, the organizers have provided a
hook to speculatively update histories using ground truth taken/not
taken information, so rollback to non-speculative history is never
needed. They have also allowed an unlimited number of speculative
history update entries to support this functionality.

MPP also speculatively updates the history tables and training
threshold (θ ).However this other speculative update is done using
the combined MPP/TAGE-SC-L prediction, not the ground truth
taken/not-taken. To be clear, predictor tables are updated specu-
latively but only using predictions, not using the actual branch
outcomes.
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Because this speculative update uses predictions, the tables and
θ may be updated with wrong information. The training process
will undo the update when a speculatively updated but mispre-
dicted branch is resolved. The predictor monitors when there are
too many low-confidence branches in flight and puts MPP into a
non-speculative update mode until some low-confidence branches
commit.

To index the prediction tables, the hash value of a feature is
computed using recent history information, hashed together with
the address of the branch to be predicted, then takenmodulo the size
of the prediction table. The weights corresponding to the indices
are read, summed, thresholded to make a prediction of taken or not
taken. After exploring many organizations, I found the following
features useful for branch prediction:

3.1 Traditional Features
The following features from traditional branch predictors are used:

GHIST. Global history is the outcome of a branch shifted into a
large register, with 0 meaning not taken and 1 meaning taken. It is
hashed by bitwise XORing multi-bit blocks of histories. Parameters
to this feature give the starting and ending indices of the history
register to hash. This feature is not actually used in the final config-
uration, but rather only used in combination with other histories
as described below.

PATH. Path history is the sequence recent branch addresses.
Addresses truncated to 16 bits are shifted into an array. Parameters
include a depth, a shift. The array is hashed by accumulating a hash
value up to the given depth.

LOCAL. Local history is a first-level table of per-branch shift
registers selected by a hash of the branch address, then hashed as
an index into a second level table of perceptron weights.

GHISTPATH. This is a combination of GHIST and PATH. The
GHIST and PATH features are XORed together as they are com-
puted.

BIAS. The value of this feature is 0. It will be XORed with the
branch address to form an index into the table. This feature tracks
the tendency of a branch to be taken or not, regardless of other
branch history.

3.2 Novel Features
The following novel features are used:

IMLI. The innermost loop iteration counter [13] is used as a fea-
ture, but with an additional twist. In the original formulation, when
a backward branch is encountered, the IMLI count is incremented if
the branch is taken, otherwise it is reset capturing the behavior of
loops with back-edges at the bottom produced by smart compilers.
Some compilers are not smart or optimize for size, so I explore an
alternate IMLI: when a forward branch is encountered, the IMLI
count is incremented when the branch is not taken, and reset when
it is taken, representing a loop exit. This represents the case where
the loop exit is at the top of the loop body, followed by an uncon-
ditional jump at the bottom. Only the forward formulation IMLI

turned out to be useful for MPP, probably because the backward
IMLI is already incorporated into TAGE-SC-L.

MODHIST. Some (most) branches in the global history are not
correlated to branch outcome, but a single bit different in two
histories can lead to two different hash values, causing longer train-
ing times and increased aliasing pressure. Traditional (one-to-one)
perceptron predictors can overcome this problem since they find
correlations between individual branch outcomes and not hashed
histories, they are still susceptible to what I call branch misalign-
ment. Suppose a branch branches over another branch. The second
branch sometimes appears in the branch history and sometimes
does not appear, leading to the same branch outcomes appearing
in different locations in the global history. Neither traditional nor
hashed perceptrons, nor other hashed-based predictors such as
TAGE, can handle this problem without expending additional table
entries and increasing training time. I propose “modulo history”
where only branches with addresses congruent to 0 modulo some
modulus are recorded. Incongruent branches causing misalignment
are filtered out of the history and ignored. The problem is that those
filtered branches may indeed have some correlation; that correla-
tion is hopefully captured by the other features. Modulo history
has two parameters: the modulus (a small integer), and the history
length.

MODPATH. Modulo path history is the same as modulo history,
but uses branch addresses instead of outcomes. The parameters are
the same and the hash is computed similarly to the PATH feature.

GHISTMODPATH. This feature combinesmodulo historywith
modulo path history in a way analogous to GHISTPATH above.

RECENCY. The predictor keeps a fixed-depth recency stack of
recently encountered branches managed with least-recently-used
replacement. The feature hashes the addresses in the stack. The
parameters are the depth into the stack to hash, a shift by which to
shift the accumulator after hashing.

RECENCYPOS. The depth in the recency stack where a branch
address is encountered, or the fact that the branch is not present in
the stack, have a surprising correlation with branch outcome. This
feature has a single parameter: the depth into the stack to search.
The hash value is the position where the address was found, or the
maximum table index if the address was not found.

BLURRYPATH. Traditional branch path history is a precise
record of the sequence of recent branches. “Blurry” path history
records larger-granularity regions where branches have been en-
countered, and only shifts a region into the history when a new
region is entered. Regions are computed as branch addresses right
shifted by a certain amount given as a parameter. When a branch
from a new region is encountered, the previous region is shifted
into the history. The feature’s parameters are the amount to shift,
the depth within the history to hash, and a parameter that controls
how much to shift each region number while generating the hash.

ACYCLIC. This feature keeps a history register H of length n
and records the outcome of a branchwith address PC inH [PC(modn)].
The intuition is that we would like to remove the effect of loops
(i.e. cycles) in the history and just keep the most recent outcome of
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any branch. Two kinds of acyclic history are used: one where H is
an array of branch outcomes, and another where it is an array of
hashed addresses of the corresponding branches. The parameters
to the feature are the size of H and the amount by which to shift
hashed elements of H .

BACKPATH. This feature is like PATH, but only records the
history of backward branches.

TAGE. This feature incorporates the TAGE prediction and con-
fidence shifted left by tuned parameters, allowing MPP to benefit
from the cases where TAGE provides more accuracy than MPP
alone.

3.3 Discussion of Features
None of the novel features are particularly good predictors by them-
selves. However, together with each other and with the traditional
features, they provide alternate perspectives on branch history and
allow finding new correlations. The features mentioned above are
the ones that helped improve accuracy on the CBP 2025 workloads.

4 Optimizations
This section describe various optimizations.

Feature Selection. Feature selection was done using a genetic
algorithm followed by a hill-climbing phase where hundreds of
thousands of combinations of features were evaluated on the CBP
2025 traces. To reduce the computation time, I extracted traces from
the CBP 2025 simulator into a bespoke format used for simulating
only the branch predictor, eliminating the run-time overhead of
simulating the rest of the machine. Once I settled on a good set
of features I integrated the code into the CBP 2025 simulator. The
best features I could find are given in the source code as an array of
history_spec structs. A key aspect of the feature selection is that
it was done with predictions that include TAGE-SC-L combined
with MPP. Rather than optimizing MPP itself to minimize MPKI, the
process trains MPP to find the best features such that the aggregate
prediction of the combiner has the lowest MPKI. Since TAGE-SC-L
already incorporates global history, the combined MPP’s features
have more of the modulo-history and other somewhat orthogonal
features than a stand-alone version of MPP would.

Transfer Function. Multi-layer perceptrons use a non-linear trans-
fer function between layers. It makes sense to try applying a transfer
function to the perceptron weights before they are summed, since
there may be a non-linear relationship between a weight value and
the probability that a branch is taken. After much experimentation,
I found that a transfer function of the form ax

1−bx 2 gave a significant
improvement over the identity function. In particular, the function
3.2x
1− x2

1600
worked well. The function is represented as a lookup table

indexed by the weight. Figure 1 shows the transfer function. The
function has been tweaked slightly to improve accuracy. I applied
the same optimization to the perceptron predictor (SC) in TAGE-
SC-L. That lookup table ranges in value from -63 to 63 and may be
found in the modified code for TAGE-SC-L.

Adaptive threshold training. Seznec found that good accuracy
is achieved when the number of updates to due mispredictions
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Figure 1: Transfer Function

is roughly the same as the number due to low-confidence predic-
tions [11]. He gives an algorithm to adapt the threshold to maintain
this property and I use that algorithm.

Extra information. Bits from the addresses of other control-flow
instructions (e.g. unconditional branches, calls, and returns) are
also considered in the branch history.

4.1 Making a Prediction
To make a prediction, the combiner (described later) checks to see if
the branch has nontrivial behavior and should be filtered. Branches
observed to be only taken or only not taken are predicted in that
direction. Otherwise, MPP is used. Each feature with its parameters
are used to hash the various histories together with the branch
address to yield an index into that feature’s table that selected a
weight. The transfer function is applied to the weight and the results
are summed. If the sum is at least zero, the branch is predicted taken,
otherwise it is predicted not taken.

4.2 Updating the Predictor
When a nontrivial branch resolves, the algorithm decides whether
to update the predictor. It uses the perceptron training rule to de-
cide when to update. It must update the predictor for an incorrect
prediction. If the prediction is correct, the magnitude of the percep-
tron output is compared to a threshold θ . If the magnitude is below
θ then predictor is updated. To update the predictor, each weight
that was used to make the prediction is incremented if the branch
was taken or decremented otherwise. Weights are incremented or
decremented with saturating arithmetic. A learning rate is applied
to the perceptron output for threshold setting.

5 The Combiner
MPP is combined with TAGE-SC-L. The idea is to compute a linear
combination of the perceptron confidence and the SC confidence.
The slope and bias for the linear combination is tuned individually
for each combination of: the TAGE-SC-L prediction (0 or 1), the
MPP prediction (0 or 1), the TAGE(only) prediction (0 or 1), and the
TAGE confidence(0, 1, or 2). There are 2 × 2 × 2 × 3 = 24 possible
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Figure 2: MPKI Difference
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Figure 3: Speedup

combinations. I tuned most of them individually but some of them
come up very infrequently and were not worth the computation so
I tuned their slope and bias together.

Another bias is added to the sum, then thresholded to make a
prediction. This bias is determined to minimize the recent number
of misses. It is trained per combination so we keep track of 24
different biases ranging over 64 possible values of the bias. For each
combination, the combiner keeps track of the number of misses each
of the 64 possible bias values would have produced by counting up
each time a value would have resulted in a miss and then decaying
all the counters when one of them saturates at 7. Each counter
requires 3 bits.

The combiner also provides filtering of trivial branches through
two Bloom filters: one for taken branches and another for not
taken branches. MPP will only train when a branch appears in both
Bloom filters. Otherwise, the single observed behavior will be used
to predict the branch. The first time a branch is encountered, it is
predicted taken if the last 5 ghist bits are true, not taken otherwise.

Most of the MPP histories are updated even for trivial branches
based on a mask tuned per feature.

The Bloom filters add significant overhead (24KB) to the hard-
ware budget. This would be unnecessary if the organizers of CBP
2025 would have provided access to a BTB.

In typical front-end designs, BTBs filter updates to predictor state
using an “observed not taken” bit. A BTB entry is only allocated
when a branch is taken. Thus, a branch can be filtered unless it
hits in the BTB and has been observed not taken. A single extra
bit per entry in an 8K-entry BTB could have served this purpose.
Unfortunately, the organizers didn’t provide BTB access, leading to
the less realistic 24KB Bloom filter workaround. In fairness, some
aspects of my predictor are a bit unrealistic too.

6 Results
Figure 2 shows, for each workload, the MPKI of the baseline fig-
ures provided by the CBP 2025 organizers minus the MPKI of my
predictor. The arithmetic mean difference is 0.36 MPKI. The arith-
metic mean MPKI of my predictor as reported by the simulation
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infrastructure, per workload category, is 3.39. Figure 3 shows the
speedup of my predictor over the baseline for each workload. The
geometric mean speedup is 1.017. The aggregate “cycles on wrong
path” for my predictor is 144.82.

6.1 Value of Optimizations
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Figure 4: Value of Optimizations

Figure 4 quantifies the value of the major optimizations by in-
dependently removing optimizations and showing the resulting
higher MPKI. Note that each bar represents keeping all the other
optimizations except for one; the effect of removing combinations
of optimizations is not illustrated. If applicable, the extra hardware
taken by the missing optimization is used for extra perceptron
weights. The most valuable optimization is filtering always/never
taken branches. When these branches aren’t filtered, MPKI goes up
by 0.141, demonstrating the importance of shielding the perceptron
predictor from destructive aliasing. The second most valuable opti-
mization is the non-linear transfer function.When it is removed and
replaced by a linear function that keeps the same range of yout val-
ues, MPKI increases by 0.059. The third most valuable optimization
is the combining algorithm that uses TAGE and MPP predictions
and confidences with several tuned constants to make an aggregate
prediction. When this optimization is replaced an obvious one that
chooses the MPP prediction over TAGE only when the magnitude
of yout exceeds a constant multiple of θ (tuned to 0.5), MPKI is in-
creased by 0.042. The next most helpful optimization is speculative
update of weights tables using the prediction to guide perceptron
learning and updating θ . Updating only non-speculatively increases

MPKI by 0.033. The least helpful optimization is tuning the con-
stants for the combining algorithm; when the perceptron and SC
confidences are equally weighted and all linear functions are given
a slope of 1 and a bias of 0, MPKI increases by 0.027.

7 Discussion
The predictor is somewhat complex and would be difficult to im-
plement in hardware, but not impossible for a design team with
resources and imagination. This championship does not take design
complexity into account, so it would be unwise to consider realistic
implementation as a first-class goal for my predictor. Some of the
more challenging aspects of the predictor are as follows.

The computation has several sequential steps: a weight is read,
then the transfer function applied, then summedwith other weights,
then thresholded. The latency could bemitigatedwith ahead pipelin-
ing [6, 12]. The only part of that computation not known (to me)
to already be implemented in real branch predictors in industry is
the lookup for the transfer function. This lookup could be taken
off the critical path by implementing it during update rather than
prediction by providing wider weights. The update would change a
weight to the next value in the lookup table rather than simply incre-
menting by one. Multiple predictions per fetch block would require
instantaneous speculative update of the global history. There are
solutions in the literature, for example, rather than using taken/not-
taken history, use bits from targets and/or branch addresses updated
only on taken branches. The TAGE feature of MPP requires the out-
put of the TAGE predictor, introducing more sequentiality. Again,
this could be mitigated with ahead pipelining. The combiner re-
quires keeping track of which of 64 values gives the best bias. The
code does this with a frequent linear scan of the miss counter tables,
but I am confident this hack could be avoided and the tables replaced
with simple counters given enough thought. Local history is well
known to be difficult to implement. There are several unsatisfactory
solutions in the literature. Implementation requires a compromise
between complexity and accuracy. Multiple speculatively updated
features would require additional complexity to support rollback
on misprediction recovery.
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A Cost Analysis
My predictor consumes 192KB. In keeping with past championships,
I count only the mutable state of the predictor. Things like read-only
lookup tables and the definitions of history features are part of the
algorithm and not considered storage. The following items account
for the 192KB hardware budget:

(1) I use the TAGE-SC-L implementation provided by the orga-
nizers. I assume this is 64KB (524,288 bits).

(2) There are 33 tables of 6-bit weights. The first table has 2,048
entries. Each of the remaining tables has 4,096 entries. This
is a total of 133,120 entries, or 798,720 bits.

(3) There are 2 Bloom filters, each consisting of 3 tables of 32,768
bits each, for a total of 196,608 bits.

(4) There are 1,280 local history registers of 34 bits each, totaling
43,520 bits.

(5) There are 3,323 bits consumed by various global history, path
history, modulo history, and other histories accounted in for
detail in the code.

(6) There are 24 tables of 64 3-bit miss counters for a total of
4,608 bits.

(7) There is a 32-bit integer added to TAGE-SC-L to record TAGE
predictions and confidence to communicate to MPP.

(8) The predictor records a number of bits to speculatively up-
date histories. Organizers have allowed arbitrarily many
copies of this sort of thing in a map, but we add the bits for
a single entry to the hardware budget. The fields, from the
combiner as well as MPP, are:

(a) A 32 bit branch PC for the combiner
(b) Two 64-bit pointers to prediction objects (would probably

be smaller in hardware)
(c) A 64 bit double precision float for the combiner sum
(d) Another 32-bit PC for MPP
(e) Two 16-bit hashes of the PC for MPP
(f) A 32-bit integer for the value of yout
(g) 33 16-bit indices into perceptron weights tables
(h) 1 bit to indicate a prediction has been updated
(i) 1 bit to record the overall predictor of the combiner
This structure sums to 850 bits.

(9) There are various counters and other miscellaneous items so
I will add in 900 extra bits to avoid carefully litigating those
values. That is an overestimate but I do not want to spend
time on tiny details that could better be spent optimizing
the predictor. I also note that the local histories of TAGE-
SC-L and MPP are redundant and could be shared to slightly
reduce storage overhead, but there are better uses of time
than staring at André’s code.

All of this adds to 1,572,849 bits, or 192KB.
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