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Abstract—Academic research on high-accuracy branch pre-
dictors has mainly focused on improving prediction accuracy
under a fixed storage budget. However, for branch predictors
in practical processors, implementation costs that affect energy
consumption and latency are as important as storage capacity.
This paper proposes MORSL, a cost-effective high-accuracy
branch predictor. MORSL is a high-throughput predictor based
on an ahead-pipelined rank-based TAGE predictor and intro-
duces three mechanisms to improve energy efficiency. First,
MORSL introduces narrow-word tagged tables, which reduce
access energy by limiting each tagged-table entry to a single tag
and compensate for the accuracy loss caused by low associa-
tivity through the choice of history-length sets and replacement
policy. Second, we propose a tagged corrector as an auxiliary
predictor that replaces summation-based auxiliary components
and exploits auxiliary correlations without an adder datapath.
Third, MORSL uses an allocation-guided access filter to suppress
long-history tagged-bank accesses for easily predictable branches.
We implement MORSL for HARCOM and evaluate it using 168
training traces from CBP-NG. The 37.5 KiB MORSL achieves a
prediction accuracy of 4.803 MPKI and a VFS of 0.9935.

Index Terms—branch prediction, energy efficiency, prediction
throughput, predictor accuracy

I. INTRODUCTION

Branch prediction research has long used storage capacity as
the primary proxy for implementation cost [1]-[5]. Under this
metric, the main objective has been to reduce MPKI within
the same storage budget, and the central design problem has
been to represent useful correlations efficiently with limited
numbers of entries and counters. Along this line of research,
longest-match-based tagged prediction and summation-based
prediction, which integrates correlations from diverse features
through summation, have evolved. Recent academic high-
accuracy branch predictors, such as TAGE with statistical
corrector (TAGE-SC) [19], [20] and multiperspective percep-
tron with TAGE [12], combine these two approaches and
achieve high prediction accuracy under a fixed storage budget.
These two approaches also form the core of high-accuracy
branch predictors in practical processors, where they have
been adopted as TAGE-like predictors and perceptron-based
predictors [7], [9].

However, for branch predictors in practical processors,
prediction accuracy under a fixed storage budget is not the
only concern. Implementation factors that affect energy con-
sumption and latency are also important. Even predictors with
the same storage capacity can differ substantially in energy

consumption and latency depending on the number of SRAM
arrays, word width, associativity, and banking organization.
In addition, the cost of combinational logic, such as tag
comparisons, longest-match selection, and adder datapaths, is
also non-negligible. From this perspective, Seznec recently
presented a realistic TAGE-SC organization that reduces the
number of TAGE-SC tables and prediction latency by sharing
physical tagged tables and simplifying the statistical corrector
(SC) [21].

Despite these advances, three challenges remain in building
energy-efficient high-accuracy branch predictors. First, reduc-
ing only the number of SRAM arrays is insufficient to reduce
SRAM access energy. Even with fewer SRAM arrays, wide
word widths and high associativity can still lead to high
access energy. Second, the energy efficiency of summation-
based auxiliary components must be reconsidered. Because
a datapath that adds outputs from multiple tables increases
energy consumption and latency, its accuracy benefit must jus-
tify its cost. Third, tagged-table accesses for easily predictable
branches are often wasteful. Many branches can be predicted
accurately using directional bias or short-history correlations.
For such branches, the energy spent on TAGE tagged-table
accesses often does not justify the resulting accuracy improve-
ment. However, safely identifying such opportunities is not
straightforward: before bypassing long-history tagged banks,
the predictor must infer, without reading them, that they are
unlikely to contain a useful matching entry.

To address these challenges, we propose MORSL, a cost-
effective high-accuracy branch predictor. MORSL is a high-
throughput predictor based on an ahead-pipelined rank-based
TAGE predictor and introduces the following three mecha-
nisms to improve energy efficiency while building on insights
from TAGE-SC-like predictors.

1) Narrow-word tagged tables: We introduce a tagged-

table organization that prioritizes narrow word widths,
for example, by limiting each tagged-table entry to a
single tag. MORSL compensates for the accuracy loss
caused by this low-associativity organization through
the choice of history-length sets and the replacement
algorithm.

2) Tagged correction: We propose a tagged corrector (TC)
as an auxiliary predictor that replaces a summation-
based SC. The TC exploits auxiliary correlations without
a datapath that adds outputs from multiple tables and



overrides the TAGE prediction when appropriate.

3) Allocation-guided access filtering: MORSL records
past allocations of long-history TAGE entries and uses
this information to bypass long-history tagged-bank
accesses when they are unlikely to be useful. The
allocation-guided access filter reduces dynamic energy
consumption with little loss in prediction accuracy.

We implemented a 37.5KiB MORSL with these mecha-
nisms in the HARCOM and evaluated it using 168 training
traces provided by CBP-NG. MORSL achieves a predic-
tion throughput of 8.647 ins/cycle, a prediction accuracy
of 4.803 MPKI, and an energy consumption of 524 fJ/ins,
resulting in a VFS of 0.9935. Its critical path latency is
reported as 286 ps.

ITI. RELATED WORK
A. TAGE

TAGE is one of the most accurate global-history-based
branch predictors [23]. TAGE uses tagged tables with multiple
history lengths and generally relies on the prediction from
the longest matching history. A representative optimization
for TAGE is bank interleaving [18]. Bank interleaving shares
multiple banks among groups of history lengths, thereby miti-
gating imbalance in useful history lengths across programs and
improving bank utilization. Seznec recently showed that large-
scale interleaving is unnecessary and that 2:2 interleaving
is a practical option [21]. However, the word width and
associativity of each bank remain separate design choices.

B. Block Prediction and Ahead Pipelining

To achieve high fetch throughput, block-wise prediction, in
which a branch predictor predicts multiple branch instruc-
tions at once, is effective. Block-wise prediction generates
predictions for multiple branch instructions in a fetch block
or in a predictor-defined block. In this scheme, the branch
direction history at the beginning of a block can differ from
that at a branch in the middle of the block, making conven-
tional direction histories difficult to use directly. Some history
representations, such as path history, Ighist [22] and target
hash [10], can mitigate this problem.

Block-wise prediction can be roughly classified into offset-
based prediction and rank-based prediction. Offset-based pre-
diction generates predictions for all instructions in a block and
discards predictions for instructions that the BTB identifies as
non-branches. Rank-based prediction generates predictions for
conditional branches according to their occurrence order and
discards predictions after the first taken branch. In our prelim-
inary evaluation using HARCOM [6], rank-based prediction
reduced the amount of information to be predicted and was
advantageous for reducing logic complexity and energy con-
sumption. However, in rank-based prediction, the prediction
target is not determined by the instruction PC alone but is
represented by the rank of a conditional branch in a block.
Therefore, existing PC-centric methods for index generation,
tag generation, and history hashing are not necessarily directly
applicable.

Ahead pipelining has long been used to hide the latency
of multi-cycle branch predictors. Because ahead pipelining
starts table accesses using PCs or history information before
the actual prediction target is known, the predictor needs to
compensate for the accuracy loss caused by missing part of
the history up to the target [8], [21], [22].

C. Summation-Based Auxiliary Prediction

TAGE-SC improves prediction accuracy by combining
TAGE with a statistical corrector (SC) [19], [20]. The SC reads
multiple counter tables indexed by multiple features and inte-
grates their outputs through summation. The multiperspective
perceptron is another representative summation-based predic-
tor that integrates correlations from diverse features through
summation [11], [12]. These techniques can compensate for
statistical biases and complex correlations that TAGE does
not handle well, but they require a datapath that adds multiple
outputs.

III. DESIGN OVERVIEW

MORSL combines an ahead-pipelined TAGE predictor for
rank-based block prediction with a tagged corrector (TC) as
an auxiliary predictor and an allocation-guided access filter.
Figure 1 (a) shows the organization of MORSL, and Figure 2
shows its prediction timing. MORSL generates a prediction
vector for up to four conditional branches in a block using
the base predictor and tagged tables. MORSL uses TAGE
as the main predictor, while the TC overrides the TAGE
prediction when appropriate to capture statistical biases and
special history correlations that TAGE does not handle well.
This organization avoids an adder datapath by implementing
the auxiliary predictor as a tagged predictor rather than as a
summation-based component. When the predictor determines
that long-history tagged tables are unlikely to be needed, the
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Fig. 1. Block Diagram of MORSL.



allocation-guided access filter operates the TAGE component
of MORSL in mini-TAGE mode, which reads only short-
history tagged tables and reduces the dynamic energy con-
sumption of tagged-table accesses. With these mechanisms,
MORSL improves the balance among prediction throughput,
prediction accuracy, and energy efficiency while exploiting
long-history correlations in TAGE.

IV. DETAILED PREDICTOR OPERATION
A. TAGE Organization

1) Base and Tagged Predictor: We adopt a rank-based
TAGE predictor with eight different history lengths as the
main predictor, as shown in Figure 1 (b). The predictor treats
the instruction sequence up to the first taken branch, up to
four conditional branches, or up to 32 instructions, possibly
crossing the 128-byte boundary, as one block and performs
rank-based prediction for the conditional branches in the block.
The base predictor is a bimodal table indexed by the block-
start PC and generates a prediction vector for each rank. The
tagged predictor consists of tagged tables with eight history
lengths. Each entry in a bank consists of a tag, a prediction
counter, and a usefulness bit. The eight physical banks use 2:2
interleaving across bank pairs.

2) History Lengths and Path History: The history-length
set places short histories densely and spreads long histories
more widely. This organization follows recent work that uses a
second-order arithmetic progression [14]. In particular, we ex-
pected the dense placement of short histories to act as pseudo-
skewed associativity in a low-associativity organization where
each entry has only one tag. In addition, using a relatively
long shortest history length was also important, presumably
because it compensates for the lack of information caused by
ahead access.

MORSL uses path history updated by rules similar to those
of lghist. This path history incorporates a 6-bit value derived
from the lower address bits of the taken branch instruction
itself using XOR. We do not use a target-only scheme because
it makes branches in a block with the same target impossible
to distinguish, thereby degrading prediction accuracy.

3) Prediction Operation: The indices and bank mappings
of the tagged predictor are generated one block ahead. In
contrast, tags are generated from the PC of the prediction-
target block and the history at the beginning of that block.
By applying ahead pipelining only to index generation and
performing non-ahead matching using tags that include the
target-block PC, MORSL avoids extra candidate reads caused
by missing history. The only additional hardware required by
this organization is one stage of pipeline registers that hold
the ahead-read results. The final TAGE prediction is selected
by a meta-predictor from the prediction based on the longest
match prediction and HCpred, which is based on the longest
match among high-confidence entries [21].

B. Tagged corrector (TC)

The tagged corrector (TC) is an override-style auxiliary
predictor that replaces a summation-based SC. The TC exploits
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Fig. 2. Timing Diagram of MORSL.

auxiliary correlations through selective overrides by high-
confidence tagged entries rather than through the sum of
multiple counter outputs. The TC mainly consists of TC-
bias, which handles statistical biases in branch directions, and
TC-history, which handles correlations based on history types
different from those used by TAGE.

1) TC-bias: TC-bias is a tagged corrector indexed only by
the start PC of the prediction block. TC-bias handles cases
where branch directions exhibit statistical bias, but TAGE has
difficulty finding effective long-history correlations. Each TC-
bias entry has a 7-bit tag that identifies a block, as well
as 3-bit direction prediction counters and 3-bit confidence
counters for four ranks. TC-bias allocates an entry when TAGE
mispredicts. When the prediction counter is in a strong state
(-4/-3/2/3) and the confidence counter is high (1/2/3), TC-bias
overrides the TAGE prediction. TC-bias always updates the
direction prediction counter on a tag hit. TC-bias updates the
confidence counter only when the direction prediction counter
is in a strong state.

2) TC-history: TC-history is also an override-style tagged
branch predictor. TC-history captures correlations based on
a history that combines BrIMLI and path history [21]. Each
TC-history entry has an 8-bit tag that identifies the context,
including two rank bits, a 3-bit prediction counter, and a
4-bit confidence counter. Because TC-history is 2-way set-
associative, each SRAM word contains two such entries.

A TC-history entry is allocated when TAGE with TC-bias
mispredicts. When the confidence counter is high (2-7), TC-
history overrides the TAGE with TC-bias prediction regardless
of the strength of the prediction counter. TC-history always
updates both the prediction counter and the confidence counter.
TC-history generates the index and accesses the tagged table
using the PC and history from one block earlier. Finally, it
performs tag matching using a tag generated from the PC of
the prediction-target block and the history at the beginning of
that block.

C. Allocation-Guided Access Filter

1) Motivation: In TAGE, it is challenging to determine
at prediction time whether long-history tagged banks are
unnecessary. Most branches can be predicted accurately using
only directional bias or short-history correlations. For such
branches, bypassing accesses to long-history tagged banks



can reduce dynamic energy. However, making this decision
at prediction time with low overhead is not straightforward.
The predictor must determine whether a branch context can
be handled by short histories alone, or whether a useful entry
may exist in a long-history tagged bank. In other words, before
skipping accesses to long-history tagged banks, the predictor
must infer, without reading those banks, that they are unlikely
to contain a useful matching entry.

To address this problem, we exploit the allocation rule of
TAGE. In TAGE, when a misprediction occurs, new entries
are allocated in one or more tagged banks whose history
lengths are longer than that of the provider. Thus, a past
allocation of a long-history entry for a given branch context
provides conservative evidence that shorter histories alone
were insufficient for that context. Conversely, if no such
allocation has been recorded, the corresponding long-history
tagged banks are unlikely to contain a useful matching entry.

2) Implementation: Based on this observation, we intro-
duce an allocation-guided access filter. The allocation-guided
access filter is a Bloom-filter-like mechanism that records, with
low overhead, whether a long history entry has been allocated
in the past. When the access filter determines that long-history
tagged banks are unlikely to be needed, it operates the TAGE
component of MORSL in mini-TAGE mode, which reads only
the two short-history banks (h6 and h7). The allocation-guided

TABLE I
KEY ORGANIZATION PARAMETERS OF MORSL COMPONENTS

Parameter

4 KiB bimodal; single SRAM for prediction bits;
four lane-wise SRAM banks for hysteresis bits
8 history lengths: 5, 7, 11, 17, 33, 65, 126, and
334 blocks; 6-bit insertion; 3-bit shift for short
histories and 1-bit shift for long histories

8 logical components; 8 physical banks, 2048
entries per bank, and 2:2 interleaving

12-bit tag, 3-bit prediction counter, and 1-bit
usefulness; the upper 2 tag bits encode the lane
2 arrays, one is indexed only by the block PC,

Item
Base predictor

Global histories

Tagged components
Tagged entry

Allocation-guided ac-

cess filter the other is indexed as gshare; 2048 entries each
TC-bias 128 entries, 2 banks
TC-history 128 sets, 2-way, 2 banks
TABLE II
ABLATION STUDY OF MORSL AND COMPARISON WITH O-GEHL
Branch Predictor MPKI  EPl.p,,  Latency VES
Bloom + O-GEHL (no ahead) 5.085 462 598
+ BrIMLI/phist 5.057 481 600
Bloom + O-GEHL (1-block ahead)  5.106 471 300  0.9911
+ BrIMLI/phist 5.066 490 300 0.9913
TAGE (no ahead) 4.954 491 495
+ bank interleave 4.876 501 557
+ AG access filter 4.880 419 569
+ random reset 4.897 400 569
+ TC-bias 4.845 440 578
+ TC-history 4.763 484 580
TAGE (1-block ahead) 5.006 510 277 0.9914
+ bank interleave 4.923 520 277 0.9920
+ AG access filter 4.923 455 277 0.9929
+ random reset 4.944 433 277 0.9931
+ TC-bias 4.885 480 286  0.9932
+ TC-history (MORSL) 4.8303 524 286  0.9935

access filter consists of two 1-bit tables. The first table is
indexed only by the PC, and the second table is indexed by
the XOR of the PC and the shortest history. The access filter
starts reading all tagged banks only when both bits read from
the two tables are 1.

The allocation-guided access filter saturates toward a con-
servative direction. Even if all entries become 1, the TAGE
component of MORSL simply behaves like full TAGE, and
thus prediction accuracy does not degrade. However, this state
eliminates opportunities for energy reduction. Thus, when
mini-TAGE correctly predicts all conditional branches in a
block, we reset the corresponding filter entries with a very
low probability. This reset can introduce false negatives and
thereby reduce prediction accuracy, but it restores energy
savings by creating opportunities to return to mini-TAGE
mode.

V. EXPERIMENTAL RESULTS AND ANALYSIS

We evaluate MORSL using HARCOM, the evaluation li-
brary used for CBP-NG. All results are measured on the 168
training traces provided by CBP-NG. Table I summarizes the
configuration. The 37.5 KiB configuration of MORSL achieves
4.803 MPKI, an EPl¢pp, of 524 {l/ins, an IPC of 8.647, and a
VES of 0.9935. Its critical path latency is 286 ps.

Table II compares prediction accuracy, energy consumption,
and latency when each mechanism of MORSL is removed.
We do not report VFS for predictors whose prediction latency
does not fit within one cycle (300 ps), because the meaning
of VES is unclear in such cases. For reference, the table also
includes the results for O-GEHL. Because TAGE uses a single
entry as the basis for prediction, it is more sensitive than
O-GEHL to the increase in entry conflicts caused by ahead
pipelining. Even so, the accuracy loss due to ahead pipelining
is small, at about 1%. Bank interleaving and the allocation-
guided access filter substantially increase prediction latency,
but this latency increase can be hidden by I1-block-ahead
pipelining. The energy reduction achieved by the allocation-
guided access filter becomes smaller with ahead pipelining,
because the access cannot be filtered if any of the ahead
candidates cannot be predicted by mini-TAGE.
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Fig. 3. Comparison of MPKI and EPI¢pp for branch predictors.
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Figure 3 plots several branch predictors with MPKI on the
vertical axis and EPIc,p on the horizontal axis. The VES
contours indicate the maximum VFS that can be achieved for a
given pair of MPKI and EPI, and therefore do not necessarily
coincide with the actual VFS of each branch predictor. The
figure shows that O-GEHL and TAGE achieve almost the
same VFS as baseline predictors. Relative to this baseline,
bank interleaving provides a large accuracy improvement with
only a small increase in energy. The allocation-guided access
filter further reduces energy substantially. Applying these two
techniques to O-GEHL is difficult, which is why MORSL
uses TAGE as its base predictor. Adding TC-bias and TC-
history moves the design point along a trade-off between
increased energy and improved accuracy, almost parallel to
the VFS contours. However, the contribution of the accuracy
improvement is slightly larger, resulting in a higher VFS.

Figures 4, 5, and 6 show S-curves of the benefits of
the allocation-guided access filter, TC-bias, and TC-history.
The allocation-guided access filter suppresses accesses to six
of the eight tagged-table banks and can therefore reduce
tagged-table accesses by up to 75%. Across the 168 traces,
it suppresses 35.9% of tagged-bank accesses on average,
reducing the average EPl.y,, by 871J/ins with only a 0.021
increase in MPKI. This MPKI increase is caused by the
random reset mechanism, and the filter introduces virtually
no MPKI degradation without the reset. Without the reset, the
filter suppresses 29.7% of tagged-bank accesses on average;
the reset greatly recovers filterable opportunities. TC-bias and
TC-history improve prediction accuracy with modest energy
overheads: TC-bias reduces MPKI by 0.059 on average with an
energy overhead of 47 fJ/ins, while TC-history further reduces
MPKI by 0.081 over TAGE+TC-bias with an energy overhead
of 44 fJ/ins. After accounting for IPC degradation caused by
RAM read-modify-write operations, TC-bias and TC-history
improve VES by 0.0002 and 0.0003, respectively.

VI. DISCUSSION AND FUTURE WORK

Because our predictor is based on TAGE, its overall
prediction-accuracy characteristics are largely similar to those
of TAGE. The gradual saturation of the allocation-guided
access filter toward an all-1 state did not cause a problem in the
short-trace evaluation of CBP-NG, but it may become an issue
in practical use. Addressing this issue is left for future work.
Our preliminary study showed that TC-bias and TC-history
can provide substantial accuracy improvements when sufficient
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storage capacity is available, whereas under the CBP-NG rules,
it was optimal to allocate only a very small storage budget to
them.

Our preliminary study showed that TC-history can further
reduce mispredictions by dynamically selecting an appropriate
history type from multiple candidates. Figure 7 shows such
an organization, where three history types, hA, hB, and hC,
are used as candidates, and a per-PC selector chooses the
history type used by the main TC-history. When the main
TC-history mispredicts, a tiny sampler TC-history with only
about eight entries tentatively learns another history type; if
the sampler prediction proves useful, the selected history type
for that PC is recorded in the selector. Although such a small
sampler effectively reduced mispredictions in our evaluation,
the improvement did not translate into a higher VFS when
the additional cost of the selector and sampler was included.
Therefore, MORSL does not adopt this mechanism. Low-cost
integration of TC-history with multi-history selection in a way
that improves VES remains future work.

VII. CONCLUSION

To bridge the gap between academic high-accuracy branch
predictors and branch predictors for commercial processors,
we used HARCOM to explore how realistic branch predic-
tors should be organized and proposed MORSL as a result.
MORSL consists of a TAGE component built from narrow-
word SRAMs, a tagged corrector, and an allocation-guided
access filter. MORSL also carefully chooses whether each
predictor component should be accessed ahead of the pre-
diction target, reducing the accuracy loss caused by ahead
pipelining. We implemented MORSL with these mechanisms
in HARCOM and evaluated it with 168 training traces pro-
vided by CBP-NG. MORSL achieves a prediction throughput
of 8.647 ins/cycle, a prediction accuracy of 4.803 MPKI, and
an energy consumption of 524 fJ/ins, resulting in a VFS of
0.9935. Its critical path latency is reported as 286 ps.
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APPENDIX — THE HARCOM IMPLEMENTATION DETAILS
SRAM BUDGET BREAKDOWN

Table III shows the SRAM budget breakdown of 37.5 KiB
MORSL, and Figure 8 shows its floorplan. MORSL can be
built with 51 single-port SRAMs, which allow only one read
or one write per cycle and are the only SRAMs that can be
used in the HARCOM library.

A. Base predictor — 5 SRAMs, 4 KiB, 1474 um?

The base predictor is built with 5 SRAMs. The bimodal pre-
diction array is built with a monolithic SRAM to reduce access
energy. The bimodal hysteresis array requires only one write
on a correct prediction, because it adopts the split-counter
form [15], [22], and should support partial writes. Considering
HARCOM constraints, we built it using 4 SRAMs.

B. Tagged tables — 40 SRAMSs, 32 KiB, 10074 ym?

Each tagged component entry in TAGE contains a (partial)
tag, a 3-bit counter, and a useful bit. The 3-bit counter consists
of a prediction bit (the uppermost bit) and two hysteresis bits.
We classify these fields into two groups based on whether they
change with a correct prediction: unchanged ones (the tag and
prediction bits) and changeable ones (the hysteresis bits and
the useful bit). We manage each of these groups differently.

The former is stored in 8 SRAMs, each corresponding to a
physical bank. The tag and the prediction bit never change on
a correct prediction; thus, we merge them into 1 SRAM per
bank. There are some situations where the direction changes
while the tag remains unchanged, but they occur rarely. In
such situations, the whole entry is rewritten. It may consume
large amounts of energy, but since they occur rarely, it does
not offset the energy saved by merging SRAMs.

The latter is stored in 32 SRAMs, for 4 banks per 8
physical banks. The hysteresis bits and the useful bit need to
be updated even when a prediction is correct. This necessitates
a dual-port memory, but a 4-bank structure practically resolves
this problem [23]. We merge the hysteresis bits array and
the useful bit array, but this degrades prediction accuracy
because it resets the hysteresis bits whenever the useful bit
is reset, since HARCOM’s SRAM supports only full resets.
We confirmed that it does not offset the energy reduction from
merging SRAMs and that it is beneficial for VFS. However,
in a realistic implementation, we should not use simultaneous
resetting.

C. Allocation-Guided Access Filter — 2 SRAMs, 0.5 KiB,
430 ppm?

The allocation-guided access filter is built using 2 SRAMs,
each corresponding to a hash function in the egskew-like [16]
parallel Bloom [17] filter. The allocation-guided access filter
needs to be written only when a new tagged entry is allocated;
thus, it can be built with single-port SRAMs. Note that
the random resetting feature requires write ports. In such a
situation, we stall one cycle (request an extra cycle). Since
the random reset occurs infrequently, it has little effect on the
overall IPC.

D. TC-bias and TC-history — 2 SRAMs each, <0.5 KiB each,
706 um? total

The TC-bias and TC-history are each built using 2 SRAMs,
for a total of 4 SRAMs. The TC-bias and TC-history need
to be updated even on a correct prediction. We confirmed
that the banking solution used in the tagged table degrades
prediction accuracy due to a stale counter, which might be a
HARCOM-specific problem. To address this problem, we used
(1) entry forwarding, (2) guaranteed write, and (3) a 2-bank
structure. Entry forwarding resolves the stale counter problem,
but it might indicate that the speculative counter update [13] is
needed. We guarantee that any write is committed by stalling
appropriately. It degrades the overall IPC, but using a 2-bank
structure greatly mitigates this. The TC-bias and TC-history
degrade the overall IPC by about 0.1 each, but they hardly
affect the VFS.

LATENCY OF MAJOR CRITICAL PATHS

MORSL consists of a few components and has individual
critical-path timings. The following are major critical path tim-
ings. These critical paths could be further optimized, but the
required cycle time is 300 ps, so we leave them unoptimized.

A. Base predictor — 281 ps

The bimodal predictor provides base predictions of TAGE.
It should not be ahead-pipelined to achieve high prediction
accuracy. A 2 KiB table read requires 166ps. The total
prediction latency is 281 ps, including 9 ps for the 2:1 MUX
by the meta predictor, 19 ps for the 4:4 crossbar, 9 ps for the
TC-overriding 3:1 MUX, and 18 ps for the final FO64.

B. Access filter and Tagged tables — 580 ps

The access filters and the tagged tables are accessed 1-block
ahead. These accesses need to be serialized. Each 1-bit read
from a 2048-entry Bloom table requires 109 ps. The filtering
decision is generated in 158 ps. Each 13-bit read from a 2048-
entry TAGE’s gtagpred table requires 172 ps. A round trip to
the farthest gtagpred table takes 47 ps each way. The total
prediction latency is 580 ps, including the same circuits as the
base predictor. Since they are 1-block ahead-pipelined and the
cycle time is 300 ps, the effective latency is 280 ps.

C. TC-bias — 258 ps

TC-bias overrides TAGE prediction and should not be
ahead-pipelined to achieve high prediction accuracy. Each 31-
bit read from a 1984-bit table requires 76 ps. The total pre-
diction latency is 258 ps, including 19 ps for the 4:4 crossbar,
9ps for the TC-overriding 3:1 MUX, and 18 ps for the final
FO64.

D. TC-history — ~350ps

TC-history overrides TAGE+TC-bias prediction and can
be ahead-pipelined. Each 30-bit read from a 1920-bit table
requires 76 ps. The total prediction latency appears to be about
350 ps due to the long latency of the BrIMLI computation, in-
cluding backwardness decision. Since it is ahead-pipelined, the



table read is not on the critical path. The table-read bypassing
constitutes a critical path with 261 ps latency, including the
same circuits as TC-bias.

E. Meta predictor update — 286 ps

The meta predictor selects between the longest-match pre-
diction and the not-weak longest-match prediction. It is a 4-bit
counter and is shared by the lanes. The update requires 4-bit
saturating addition, which incurs long latency; it is on the
MORSL critical path (286 ps). Note that this update can be
pipelined [6].



TABLE III

SRAM BUDGET BREAKDOWN OF 37.5 KiIB MORSL.

Component Entry structure # of entries S(t]())irgas %e Sl#: Aolf/[s Port usage Note

Predict  Correct pred. Mispred.
Bimodal prediction array  prediction (4 x 1) 212 16384 1 IR - 1w
Bimodal hysteresis array ~ hysteresis (1) 4 x 212 16384 4 - 1w IR + IW 4 banks for partial write
Tagged table (gtagpred) tag (12), prediction (1) 8 x 211 212992 8 IR - 1w
Tagged table (uhyst) useful (1), hysteresis (2) 8 x 211 49152 32 IR 1W (4 banks) IW 4 banks for dual port*
Access filter long history allocated (1) 2 x 211 4096 2 IR - 1w 2 different hash functions
TC-bias tag (7), ctr (4 x 3), conf. (4 x 3) 27 3968 2 IR 1W (2 banks) 1W 2 banks for dual port
TC-history 2x {tag (8), ctr (3), conf. (4)} 27 3840 2 IR 1W (2 banks) 1IW 1, 2-way set associative
Total 306816 51

*: The uhyst table needs to be updated even if the prediction is correct; using a 4-bank structure is a cost-effective alternative to the use of dual-ported tables [23].

Fig. 8. 37.5KiB MORSL floorplan.




