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Abstract
With wider associativity the replacement algorithm becomes
critical. Although LRU makes many good replacement deci-
sions, the wide performance gap between OPT, the optimum
off-line algorithm, and LRU suggests that LRU still makes too
many mistakes.

Self-correcting LRU is based on LRU augmented with a
feedback loop to constantly monitor and correct the mistakes
done. It relies on several mechanisms to detect, predict, and
correct bad replacement decisions. We identify three types of
mistakes and associate them with memory-access instructions.
Our findings show that an instruction causing a mistake is
prone to cause the same type of mistake at its next execution.
Our goal is to prevent a mistake to occur more than once.

Our approach combines three basic mechanisms. The first
mechanism is a shadow directory, which is instrumental in
detecting the three classes of mistakes. A second idea is to
associate replacement mistakes with the memory access
instructions causing them as opposed to the data blocks. These
instructions are logged in a Mistake History Table, from which
predictions for future mistakes are retrieved. Finally, an MRU
victim cache is added to offset the effects of misguided mistake
predictions when the replaced block is in the MRU position.

Based on evaluations using a set of seven SPEC95 bench-
marks, we show that our approach achieves significant miss
rate improvement for 2-way and 4-way caches and
can do this at a low implementation cost.
Keywords: Cache management, least recently used replace-
ment algorithm, mistake prediction, shadow directories.

1. Introduction

Innovations in processor architecture in recent years have led
to an increasing gap between processor and memory perfor-
mance. A predominant approach to reduce this gap is to add a
cache hierarchy between the processor and the main memory.
At the top of the hierarchy is a first-level cache, accessed
directly by the processor. As the processor/memory gap wid-
ens, it becomes critical to improve first-level cache behavior,
as it matches closely the speed of the processor. This can be
done by increasing its associativity to cut down on the number
of conflict misses. As its associativity increases, however, the
replacement algorithm becomes more important [17]. For a 2-
way cache, the miss rate obtained by a Least Recently Used
(LRU) algorithm is fairly close to that achieved by an omni-
scient optimal (OPT) replacement algorithm. OPT can per-
fectly identify the block in a set that will be accessed farthest
into the future [17]. This is the optimal decision since, when
we keep a block in the cache we hope to keep it until the next
access to it to avoid a miss, and this can be done most effec-
tively for block references that are closer in the trace. With
higher associativities, there are more victims to consider. For a
4-way cache, we have observed in our benchmarks that a miss
rate improvement of up to 76% is possible with the OPT algo-
rithm. While OPT is impossible to implement in practice, it is
certainly possible to use it as a guide to correct mistakes made
by the LRU algorithm.

A number of methods have been proposed to address this
issue. The first attempts were more focused on reducing the
impact of the mistakes done by LRU rather than improving the
algorithm itself. One approach is to split the cache into two
caches, one for blocks classified as temporal and another for
spatial blocks [5][12], in order to reduce cache pollution.
However, the replacement algorithm is still the same. Another
class of methods addresses the weakness of the algorithm itself
and the idea is to detect dead blocks, i.e. blocks only used once
by the processor, and either never insert them in the cache [16]
or downgrade them faster [11][17].

The novelty of our replacement policy, called self-correct-
ing LRU, comes from a feedback loop which constantly
detects its own mistakes and corrects them on the fly, as the
program executes. We detect some of the most eggrarious mis-
takes made by LRU selection and avoid repeating the same
mistakes in the future. Intuitively, LRU selection can make
two major types of mistakes: keeping in the cache a block that
will not be accessed again until it leaves the cache or replacing
a block that will be referenced in the immediate future. Many
blocks are only accessed in the most-recently used (MRU)
position of the cache set and then are not accessed again before
leaving the cache. Among these blocks several are accessed a
single time in the cache so that they never hit; such blocks
should have bypassed the cache and we call them Bypass
Blocks (or B-blocks). Other such blocks are referenced more
than once in the MRU position and are called Dead Blocks (or
D-blocks); they should be removed as soon as they leave the
MRU position in the cache. Another mistake LRU selection
can make is to pick a Live Block (or L-Block) as a victim. This
occurs when a block in the LRU position of the set is accessed
right after the next miss. Of course, LRU makes other bad
decisions, but these three mistakes involving B-, D-, and L-
blocks can be easily detected and are significant enough to
merit special treatment. So we have targeted them in this work
to verify the validity of the whole approach.

Our approach uses a shadow directory (SD) structure [14]
and a victim cache. The original SD proposal was to add a
small storage space to each cache set, which keeps the tags of
the last evicted blocks. If a cache miss hits in the shadow



directory, the data block is flagged. The flag gives a hint to the
replacement algorithm to downgrade the block in the set at a
slower pace. A glaring problem with this idea is that the flag
will be lost as soon as the block leaves the cache and the SD.
We address this problem by associating such blocks with the
path of up to 16 memory access instructions leading up to the
instruction causing the misguided replacement in a Mistake
History Table (MHT). We also use the SD and MHT to help
keeping track of Bypass and Dead blocks. With this setup, we
are able to keep track of the path of memory access instruc-
tions leading to the replacement mistakes and prevent some of
them in the future.

While previous work [17] has shown that it can be disas-
trous to choose the MRU block for eviction, the potential gains
obtained by evicting dead MRU blocks are very high. To elim-
inate the downside of evicting MRU blocks and still benefit
from the high performance potential, we move blocks replaced
in the MRU position to an MRU victim cache before retiring
them to memory. By doing this, the cost of prediction errors is
greatly mitigated. For some of the seven applications in the
SPEC95 benchmarks we evaluate, we are able to reduce the
miss rate by 24% with our method.

The outline of the rest of the paper is as follows. In the
next section we compare the performance of LRU and OPT. In
particular, we examine some of the mistakes LRU makes. In
Section 3 we describe our self-correcting LRU policy in
details, after which we present our experimental findings in
Section 4. A proposed hardware implementation of self-cor-
recting LRU is evaluated in Section 5. In Section 6 we put our
work in context of related work. Finally, we conclude our
paper and present future research in the last section of the
paper.

2. Performance of the LRU Replacement Algorithm

2.1 Experimental Methodology
To analyze the miss rates of different replacement algorithms,
we used the “cache” version in the SimpleScalar package [2].
In order to obtain the miss rate for the OPT algorithm, we used
the “cheetha” package included in SimpleScalar. SimpleScalar
is a MIPS ISA based execution-driven simulator. The simula-
tor is driven by SPEC95 [13] benchmarks (see Table 1)
selected from both the integer and floating point sets. The
benchmarks are simulated with the reference set of data input.

Due to limitations in “cheetha” [2] we only simulate the

first 232 data references, but before that we let the benchmark
execute 100 million references. However, the data cache is
started cold after the first 100 million references. Two of the
benchmarks are fully executed, gcc and m88ksim, since the

total number of references is less than 232. By default, we
model a 4K-byte with 4-way associativity and a block size of
32 bytes.

OPT knows exactly which block in the set will be refer-
enced farthest away in the future and chooses this block as the
victim. A weakness of OPT in its current form is that it loads
all blocks into the cache whether or not they will be re-
accessed during their residency in the cache. Thus we can
improve LRU by correcting some of the mistakes it makes as
compared to OPT and by bypassing the cache for blocks that

are referenced only once.

Table 1: Benchmarks

2.2 Comparison of LRU and OPT
In Figure 1, we compare the miss rate for each benchmark
using LRU and OPT. Figure 2 shows the corresponding
improvement ratio for OPT over LRU. Clearly, there is a great
potential for improvement and LRU makes a large number of
bad decisions, especially for the Tomcatv benchmark.

2.3 Replacement Mistakes in LRU
The first mistake LRU can make is to keep a block in the set
while it is not going to be referenced before it leaves the cache.
By keeping this block we occupy space that could be used by
more useful blocks instead. There are two versions of this sce-
nario. First, some blocks, labelled Bypass (B) blocks) are never
referenced while they are in the cache set; hence they could
bypass the cache. Second, some blocks are accessed multiple
times in the MRU position and then never accessed again. An
example is a block with word spatial locality, where several
words in the block are accessed consecutively with no inter-
vening access to another block in the set and then the block is
not accessed again. We label such blocks as Dead (D) blocks.
Dead blocks should be replaced as soon as they leave the
MRU position in the set.

The second mistake LRU can make is to victimize a block
that is going to be referenced in the near future. This will occur
when a block in the LRU position in the cache set is the next
block to be referenced after a miss. We will label this block as

Benchmark Int/Float Indata
Data
Ref

fpppp float ref >232

gcc integer jump.i 32M

m88ksim integer dhry.big 231M

mgrid float ref >232

su2cor float ref >232

swim float ref >232

tomcatv float ref >232
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Figure 1 Miss rates for LRU and OPT in a 4k 4-way
cache.
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a Live (L) block. Blocks other than B, D, or L-blocks are called
Untagged (U) blocks. Untagged blocks do not receive special
treatment and their management is dictated by LRU.

In order to improve the algorithm we need to detect the
LRU mistakes as well as store and use the mistake information
to predict and prevent future mistakes.

3. Self-Correcting LRU
Self-correcting LRU is based on LRU augmented with a feed-
back loop to constantly improve on the mistakes it made in the
past. In this section, we first present the mechanisms needed to
support self-correcting LRU and then we present the algorithm
to predict and avoid mistakes made by LRU selection.

3.1 Mechanisms used in the Cache Structure
We detect replacement mistakes by using a shadow directory
(SD). In its original proposed form [14] the shadow directory
is made of a set of tags associated with every set in the cache.
When a block is evicted from the set, its tag is inserted into the
SD. If the tag of a missing block is in the SD, the block was
evicted prematurely. Hence the block is inserted into the cache
with a flag that informs the replacement algorithm to down-
grade the block at a slower pace. SD has been extended to sup-
port prefetching, instead of replacement, as presented in a
paper by Collins and Tullsen [4] and in a paper by Charney
and Puzak [3]. Prefetching is beyond the scope of this paper.

Unfortunately, when the block is evicted from the cache
and the SD, there is no information left about the past mistake
[14]. To keep track of such mistakes we use an instruction-
centric approach as in [10]. In this approach, we associate the
block access behavior with the accessing instruction (AI) and
save the AI, with a mistake tag in a separate storage unit,
called Mistake History Table (MHT). It is important to point
out that only AIs that caused a mistake in the data cache are
stored in the MHT. The AIs are accessed in the MHT using a
simple hash function of the last bits of their program counter.
The hash function we use is the same as the one proposed by
Johnson and Hwu [7]. An instruction-centric approach saves
space in the MHT, since a program tends to execute far less
distinct memory instructions than the number of data they
touch and, thus, for a given MHT size, it is possible to keep
this information for longer periods of time than with a data
centric approach. In addition, a block can be accessed by dif-
ferent instructions with various access patterns and this effect
is exploited by the instruction-centric method.

Blocks that bypass the cache are directly inserted into the
MRU victim cache (MRU VC for short). Because of the
severe penalties associated with mispredictions [17], we also
move blocks victimized in the MRU position into the MRU
VC to recover from mispredictions involving the MRU block
with low penalty.

Figure 3 shows our proposed cache architecture with the
SD to detect and predict mistakes and the MRU VC to recover
from inaccurate predictions. The baseline data cache is orga-
nized in the same way as an ordinary 4-way cache with the
added SD. Each entry in the cache set also has an instruction
cache tag for the AI associated with it, so that upon a detected
mistake the AI is known and can be stored in the MHT. Please
observe that the AI field in the data cache can be altered during
the lifetime in the data cache whenever a data block is
accessed through a different AI.

The third entry associated with each block in the cache set
in Figure 3 is only needed when we investigate the benefits of
using a path of up to 16 memory instructions feeding into the
AI. We draw it in dotted lines, as it is optional. An AI with a
path can separate cases when an AI has different behavior
depending on the context it is reached from. The optional AI
path requires more storage space in the cache as well as in the
MHT. The increased storage space is proportional to the num-
ber of memory instructions in the path, since each memory
instruction in the path needs the same amount of storage space
as the AI itself. When the path is added, its index in the MHT
is the concatenation of the last bits of every memory instruc-
tion in the path and in the AI. From now on, unless otherwise
specified, we assume no path, i.e. a tag in MHT is character-
ized by its AI only.

3.2 Self-correcting LRU Algorithm
Self-correcting LRU is based on the LRU algorithm. At the
start all AIs are untagged (U-blocks) and the corresponding
data blocks are brought in the cache in the MRU position. As
long as the cache hits, the management of U-blocks follows
the LRU algorithm. U-blocks are replaced in the LRU position
on a miss. As the algorithm progresses, we detect mistakes and
start to tag blocks according to the replacement mistakes.
Tagged blocks are treated differently than in the pure LRU
algorithm.

3.2.1 Block Tagging
The first type of replacement mistake an LRU-based algorithm
can make is to keep a D-block longer than necessary. We
detect a D-block when a U-block hits multiple times in the
MRU position and then is progressively downgraded to the
SD-position and is finally evicted from SD without ever being
accessed. The associated AI is then stored in the MHT with a
D-tag.

The second type of replacement mistake is to cache a
block accessed only once. This block should bypass the cache.
A Bypass-block is detected when a block is not accessed in the
MRU position and then is progressively downgraded to the
SD-position and is evicted from SD without being accessed in
any position. In other words, the block does not hit during its
lifetime in the set. The AI is then stored with a B-tag in the
MHT.
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The third type of mistake is the L-block mistake. A U-
block that is going to be accessed in the near future is in the
LRU position and is chosen as a victim. As the block is evicted
from the cache set, the cache tag of that block is placed in the
SD. If a cache access hits in the SD and if there exists a block
in the same cache set that was not accessed in the time window
between when the victim was put in SD and the time it is
accessed again, the block currently accessed is tagged as Live
in MHT. The reason for this rule is that a victim accessed right
after eviction can still be the correct victim if all the other
blocks in the set were accessed since the victim was evicted.

Please observe that we only insert in the MHT the AIs that
cause replacement mistakes in the cache rather than all AIs.
Hence, we save space in the MHT. Moreover, new tags are
inserted in MHT at the time of a miss only. Later on we will
show that inserting new mistake tags in MHT on both hits and
misses is not productive.

The AI that brought the data into the cache must be stored
in the data cache because it will be needed if the AI must be
logged in MHT (i.e. if a bad replacement is detected), so that
mistakes are predicted at the time when a block is brought in
cache. When a miss occurs in the cache, the new AI is com-
pared to B-tagged AIs in the MHT. If there is a match, the
block bypasses the cache and is placed directly in the MRU
VC. Hence the content of the cache set is not affected.

3.2.2 Victim Selection
When a victim is to be chosen in the cache set (i.e. at the time
of a miss), we will first look for a D-block. Each AI in the data
cache set has to be looked-up in MHT to get the mistake tag,
from MRU to LRU (i.e. from left to right in Figure 3) in order
to evict these blocks as early as possible. The reason that the
MHT must be looked up (instead of storing the tag in the
cache) is that a data block can change its mistake tag if it is
accessed by different AIs during its lifetime in the cache. A D-
block victim is always placed in the SD in order to recover
from wrong predictions. If there is a hit on the tag in SD for a
D-block, the mistake tag (D) is removed by removing the AI
entry from the MHT.

If the lookup in the MHT did not return any D-tags, L-
and U-blocks are examined. The first U-block from LRU to
MRU (i.e. from right to left in Figure 3) is evicted since U-
blocks are less likely to be used in the near future than L-
blocks. In case all blocks have an L-tag, the block in the LRU
position is chosen as a victim. At this time, the L-block moves
to SD. If the block had no hits from MRU to SD the AI is then
tagged as Dead or if the block did not hit at all during its life-
time in the cache its AI is tagged as Bypass. With neither sce-
nario being true, the L-tag is removed by removing its AI entry
from the MHT is removed.

The MRU VC is accessed in parallel with the L1 cache
and if it hits, the B or D-tagged AI entry in the MHT is
removed. If this occurs, a victim is chosen from the cache set
and swapped with the B/D-block in the MRU VC.

4. Experimental Results

This section presents our experimental results. In Section 4.1
we show the results using a shadow directory as originally
suggested by Stone[14]. Sections 4.2 and 4.3 provide an analy-
sis for our self-correcting LRU policy for 4-way and 2-way
caches.

4.1 Shadow Directory
A simple approach for self-correcting LRU is the Shadow
Directory (SD) [14]. The shadow directory consists of tags
added to each cache set. Upon removal from the cache set, the
tag of the victim is put into SD. The SD-algorithm classifies
misses into transient misses, in which the tag of the missing
block is not in the SD and shadow misses, in which the tag of
the missing block is in the SD. Blocks loaded in cache after a
shadow miss are tagged. When a victim for replacement is
chosen, the tagged blocks have lower replacement priority.

The miss rate improvement of LRU with one SD tag per
set over pure LRU is shown in Figure 4. Two implementations
are included. “SD 2" shows the improvement when replace-
ments are restricted to the two blocks at the bottom of the LRU
stack. In “SD 3" any block but the MRU block can be evicted
(in a 4-way cache). Some of our benchmarks show a negative
improvement. Obviously the simple feedback enabled by the
shadow directory is neither sufficient nor reliable.

Bypass? Yes

No

MRU-VC

Shadow DirectoryData Cache Set:

AI:

Optional mem. inst.:

MRU LRU
Mistake
History
Table

Detected Mistake

data/inst

Good Victim?

NEW DATA

LRU replacement
in MRU-VC

MRU victim

Figure 3 Organization of the cache with self-correcting LRU.
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4.2 Performance Impact of Various Design Alterna-
tives (4-way cache)
In this section we evaluate design alternatives for the feedback
loop in order to improve the correction of LRU mistakes. We
first look at the effect of the size of MHT in an ideal case.
Then we show that the quality of the dynamic classification of
blocks into L-, D-, B-, and U-blocks is high and that having an
instruction path with the AI or using predictors with two bits
do not provide any improvement over the basic algorithm with
the AI and 1-bit predictors.

4.2.1 Size of MHT
By taking an instruction-centric approach over a data-centric
approach to mistake prediction, we expect to gain two things.
First, we will have to tag fewer AIs. Secondly, the behavior
associated with instructions should be more stable than the
behavior associated with data.

Off-line, it is possible to tag each missing block in the
cache with the correct mistake tag, by looking ahead in the
trace and analyze the future accesses to the blocks in the set.
With this capability we can observe the access pattern to the
set after the miss, tag the block with a correct tag and select a
victim with perfect accuracy. We call this ideal policy LRU
with perfect tags. Figure 5 shows the number of different AIs
logged in the MHT under LRU with perfect tags. AIs causing
mistakes in LRU with perfect tags are counted to estimate the
size of MHT. The same AI causing different mistakes is
counted as one. As can be observed in Figure 5, 1500 entries
are needed in the MHT to save all AIs causing mistakes.

4.2.2 Quality of the Block Classification
An important issue is the number of instructions before the AI.
It is expected that, by adding instructions in the AI path, the
accuracy of mistake predictions will be improved. We first
establish the distribution of mistake tags under LRU with per-
fect tags, which is displayed in Figure 6.

LB, UB, BB, and DB stand for Live, Untagged, Bypass,
and Dead blocks, respectively. The number attached to each
benchmark indicates the number of memory instructions in the
path before the AI (1 means no instruction in the path and 2
means 1 instruction in the path). As seen in Figure 6, the larg-
est fraction of blocks are tagged as Dead. Hence we need to be
most accurate at predicting D-blocks. However, there is more

to gain with Bypass blocks and the fraction of Bypass blocks is
significant for four benchmarks. Our conclusion is that D and
B-blocks need to be accurately predicted, whereas U and L-
blocks do not need the same accuracy, since they are only a
small fraction of all blocks.

Figure 7 shows the prediction accuracy for each tag. Accu-
racy is measured by comparing LRU with perfect tags, as
described above. Hence the black bar for each type of block
shows the fraction of correct mistake predictions our predic-
tion algorithm makes. Here we only show the accuracy for
empty path before the AI. We simulated paths with up to 15
instructions. Unfortunately, no noticeable difference was dis-
covered. As observed in Figure 7,our method has a very high
accuracy for D-blocks and a good accuracy for B-blocks. In
other words prediction accuracy is high where it is needed, and
we do not need to store a path either in the cache or in MHT.

It has been suggested in previous studies [10] to use a 2-bit
predictor similar to the 2-bit branch predictor in order to
improve on prediction accuracy. The 2-bit predictor prevents
occasional changes of the prediction tag. Let say that an AI is
live, but has a dead behavior once. If we use a 2-bit predictor,
we only mispredict once. However with a 1-bit predictor, we
make two mispredictions.

In Figure 8 we show the miss reduction over LRU of five
variations of our prediction algorithm. The first four bars
denoted LD correspond to the self-correcting LRU policy in
which we correct mistakes due to L- and D-blocks only and
never replace from MRU. The “3” in LD3 indicates that we
select victims from the 3 blocks at the bottom of the LRU
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stack. These policies use neither cache bypass nor the MRU
VC and the MRU block is left alone when choosing a victim.
The policies also use 1 (only the AI), or 2 (AI plus 1) instruc-
tions, and the 1 or 2 bit predictor. As seen in Figure 8, there is
no clear advantage in adding a path before the AI to character-
ize mistakes or in using the 2-bit predictor.

4.2.3 Bypass Effectiveness
The fifth bar of Figure 8, LDB3, uses the same algorithm as
the fourth bar with the addition of correcting mistakes due to
Bypass-blocks, but without the MRU-VC. B-blocks bypass the
cache and move directly into the SD, in order to give them a
chance to be re-tagged if necessary. We see that LDB3 is

sometimes worse than LD3 with no path before the AI and one
bit prediction. This is due to the high penalty we pay if we
wrongly eject an MRU block. It is clear that bypass is ineffec-
tive without a mechanism to recover from such incorrect pre-
dictions.

4.2.4 Effectiveness of the MRU Victim Cache
In Figure 9 we show the improvement of LD with various
numbers of victim candidates (2, 3, or 4) as compared to pure
LRU. For m88ksim we can reap large gains by choosing a vic-
tim from any block in the set. However, all other benchmarks
lose performance when we include the MRU block as a possi-
ble replacement candidate.

Our solution is to use a Victim Cache (VC) for the blocks
that are victimized from the MRU position as well as for the
blocks that bypass the cache. With the MRU VC we can still
recover the data from the MRU VC in case the MRU block is
wrongly victimized. In Figure 10, LD3 and LDB4 with MRU
VC --our best self-correcting LRU policy-- are compared to
OPT. The absolute mis rates are shown in Figure 11.

LDB4 with MRU VC is close to optimal in the cases of
m88ksim and swim. For Fpppp it is better not to use the MRU
VC. In the case of fpppp, there are so many dead blocks that
they literally flood the MRU VC and give no chance to B-
blocks. On average, only 1 block in 28 in the MRU VC needs
to be recovered. The 4-entry MRU-VC is too small. With a 16-
entry MRU VC we reach the same performance level as LD3
and with a 64-entry MRU VC the miss rate is practically the
same as OPT’s.

Figure 7 Accuracy of mistake tag prediction.
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4.2.5 Other Options
Up until now, we update the tags in MHT on cache misses
only so that accesses to MHT are off the critical path. The pre-
diction accuracy might improve if we update MHT on cache
hits as well, although it would put a strain on the feedback
hardware. The reason for the better accuracy can be illustrated
with a simple example. Let us assume that a block X is
accessed by AI P. Assume further that AI P is tagged as D,
hence X will be evicted from the cache as soon as possible.
However, let us say that an access to X hits, before the next
miss. Thus X is a live block, but we would end up evicting it
unless we update MHT at the time of the hit on X. In Figure 12
we compare updating the tags on miss only to updating the
tags on both misses and hits (H UPDATE).

Another concern with our approach up until now is that the
mistake history in MHT is global for all sets. This could have
an impact if an AI has different behaviors depending on the
cache set the accessed block maps to. This approach is labeled
SET H UPDATE in Figure 12. Clearly there is no clear advan-
tage in either H UPDATE or SET H UPDATE.

4.3 Case of a 2-way Cache
Even though there is less room for improvement over the LRU
algorithm in a 2-way than in a 4-way cache, our self-correcting
LRU policy with MRU-VC still yields significant improve-
ments over LRU, as shown in Figure 13. However the
improvement is not as spectacular as for the 4-way cache.

4.2.6 Summary
In this section we have investigated a number of design deci-
sions for self-correcting LRU policies. We find that it is prefer-
able to use cache bypass and to select the victim from any
position in the set. However to do so we need a victim cache
for MRU block and Bypass blocks in order to recover from
incorrect predictions. A path of memory instructions before
the AI is not necessary nor is a 2-bit predictor in MHT. It is
also sufficient to update MHT on cache misses only and to
keep a single MHT for the entire cache.

5. Hardware Implementation

Our suggested hardware implementation is built on the model
described in Section 3. However there are a few additions.

First each data block has two bits associated with it. The
first bit is a “Hit on MRU” bit (HMRU) and the second bit is
“Hit after Last Eviction” (HLE). If a block access hits in the
MRU position, its HMRU-bit is set but, if a subsequent access
to the block hits again on its way towards the LRU-position,
the HMRU bit is unset. Its function is to determine whether the
block is a Bypass-block.

In order to determine if a block is an L-block, we add the
HLE-bit. A block could be viewed as an L-block if it hits in
SD (as was done in the original proposal [14]). However, there
may not have been any option to choose another block. Each
HLE bit in a set is set when a block is loaded in SD and is reset
when its block is accessed. If the tag in the SD position hits on
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a cache miss and at least one of the HLE bits in the set is set,
the retired block is tagged as Live.

Regarding the D-blocks, all blocks evicted from the LRU
position are considered D-blocks if they did not experience
any hit in the cache after the MRU position. Therefore another
bit in the SD indicates whether the victim comes from the
LRU position or not, and is called the LRUV-bit.

The overall hardware overhead is small. The last 16 bits of
the AI (resulting in negligible aliasing) are stored with each
data block and SD. Space is also needed for the LRUV-tag in
SD, and the HLE-bit and HMRU-bit for each data block entry.
The additional hardware needed for each set is displayed in
Figure 14. We need a total of 117 bits of storage per set. Addi-
tionally we also need a 4 blocks MRU-VC.

As the cache will be slightly larger, we compare it to a 5-
way LRU cache in Figure 15. Please observe that a 5-way
cache with 32 byte blocks is larger than our implementation by
12%. In the diagram we can observe that the miss rate for a 5-
way cache is lower for all benchmarks except Tomcatv. How-
ever MRU VC is close to 5-way and it uses less hardware.

The MHT is also part of the cache and has 1500 entries
used in conjunction with a simple hash function. Each MHT
entry contains a 16-bit key, the AI, and a 2-bit field to store
one of three different tags (L-/D-/B-). MHT is not on the criti-
cal path, since MHT lookups are only made on a miss in the
L1 cache. Hence the MHT can be part of the L2 cache as long
as it is possible to lookup five AIs before the cache controller
needs to decide which of the four data blocks to evict or
whether the new data is to be inserted at all.

6. Comparison with Related Work
In a paper by Wong and Bear [17] dead blocks are tagged with
the accessing instruction in the context of level two caches.
Their approach comes in two versions: static and dynamic.
The static version, called PRL, profiles a program and detects
AIs accessing data with temporal behavior. Data blocks
accessed by an AI with temporal behavior are dynamically
tagged in the cache (similar to our live blocks), and the

replacement algorithm evicts data blocks that are not temporal
(similar to our dead block) first. A dynamic approach (ORL) is
also proposed. The dynamic version works in the same way as
the static, but the temporal property of AIs is determined by
accessing a lookup table similar to our MHT. The previous AI
to a block is inserted in the table when an access to the block
hits in the cache. AIs are also stored in the same manner as we
do in the data cache. Because the prediction is not always cor-
rect, both approaches simply avoid evicting MRU blocks. As a
result, the penalty for an incorrect prediction is not as high.
However higher gains obtained by evicting MRU or bypassing
the cache are squandered.

In a paper by Lai et al. [11], the prediction for live/dead
blocks is similar to ours. However, it is applied to prefetching
and not to cache replacement. As soon as a block is considered
dead, it is replaced by a prefetched live block. Lai et al. made
the same observation that it does not pay off to increase the
length of the path before the AI. It takes more than 16 memory
instructions in the AI path to see any significant miss rate
improvement as compared to none or one instruction in the
path.

The PCS [15] model is one of the most recently proposed
methods using bypassing. PCS is instruction centric like our
approach and has evolved from the C/NA model, a data-cen-
tric method developed by Tyson et al. [16]. The data cache in
the PCS approach is divided into two parts: A large ordinary
cache and a smaller cache. On a miss, a Detection Unit (DU) is
accessed. This unit is similar to our MHT. If the AI is present
in DU and is non-temporal (what we call Dead), the data is
placed in the smaller cache to exploit the spatial locality. The
AI is tagged as non-temporal if the data only experiences spa-
tial behavior while being in the cache. All data are originally
placed in the larger cache.

The PCS model was developed for direct-mapped caches
and, in this context, it reduces the miss rate significantly. In
Figure 16 we show the miss rate reduction for PCS, using one
instruction of history (PCS1) and two instructions of history
(PCS2) for a 4-Kbyte 4-way cache and a DU with 1500
entries. Also the small cache contains 4 blocks so that the
amount of hardware is comparable to our proposal. As
observed, the miss rate reduction is far from perfect. Because
the small cache has only 4 entries, there are only 3 global
misses to detect that a block was incorrectly classified as non-
temporal. By contrast, our approach uses a shadow tag for
each cache set, as well as a 4 entry MRU VC; hence, in the
best case, there are a total of (#cache sets + 4) global misses to
detect incorrect predictions. We have shown the importance of
recovering from inaccurate predictions. Since we compare a
4K LRU cache to a PCS cache our cache has the same total
size, including the shadow tag, as the ordinary larger cache in
PCS.

Data Set: Data AI HLE HMRU x4x4

256 16 1 1 = 1096 28 16 1 =

SD AI LRUV

1141 bits

Figure 14 The number of bits required in each data set, excluding the data tag, in LDB4 & MRU-VC cache.
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The Memory Accessing Table (MAT) is described in a
paper by Johnson and Hwu [7] and in Johnson et al. [6]. Sec-
tions of memory, called macroblocks in [6], are tagged as live
or dead. Each macroblock has a counter associated with it and
upon a hit in the cache to any block in the macroblock the
counter is incremented. The counters are stored in the Memory
Access Table, which is similar to our MHT. When a miss
occurs, the hit counter entry in MAT for the macroblock con-
taining the victim is decremented and compared to the new
block. If the victim has a higher MAT value the new block is
placed in a smaller bypass buffer. This bypass buffer is similar
to our MRU VC. For fair comparison with our self correcting
LRU we simulate a 4-block bypass buffer and a MAT with
1500 entries. We use a macroblock of 1024 Kbytes, as sug-
gested in [6].

Figure 16 presents the improvement with MAT over LRU.
As with PCS the MAT approach was originally evaluated for
direct-mapped caches, where it is very effective, and not for
set-associative caches, where it is much less effective. (This
low effectiveness of the MAT method with higher associativity
was also observed in other studies [9].) The reason for the bad
performance is that the bypass buffer is too small, as in the
PCS model. Only three global misses can occur before the
incorrectly predicted block is hit again to be able to recover
form inaccurate predictions. In our benchmarks (with the
exception of Swim), the MAT blocks frequently change
behavior, hence inaccurate predictions occur frequently. If
inaccurate predictions are common a more efficient method
for recovery is needed.

A major difference between both MAT and PCS, and our
proposal, is that the detection unit in PCS and the MAT are
updated on every access, while our MHT is only updated on
misses. Hence, in our case, the history table is not in the criti-
cal cache access path.

We have also implemented the MAT algorithm according
to [6][7], using an instruction-centric approach. Instead of
associating the counter value with a section of the memory we
associate the counters with an AI. The rationale for this, as
previously discussed, is that AIs tend to have more stable
behavior than data. As shown in Figure 17, the idea of associ-
ating the counters to AIs is not very good. This poor perfor-
mance is mostly due to the fact that, in the instruction-centric
MAT approach, practically all AIs must be inserted in the
MAT. By contrast, we only insert AIs causing mistakes in

MHT. In other words, the MAT instruction-centric method
cannot save information long enough, since the MAT is
flooded with AIs.

The goal of both PCS and MAT is to reduce conflict
misses in direct-mapped caches. A 4-way cache eliminates
most conflict misses as is demonstrated by including a victim
cache [8]. In Figure 16 we see that a victim cache with four
entries does not improve the miss rate much. This is one of the
reasons why PCS and MAT do not work well in a 4-way
cache.

Another approach to improving the miss rate in a cache is
to split the cache in two parts, a temporal- and a spatial- part.
In this setup, the temporal blocks may live longer and hope-
fully experience more hits. The idea was originally presented
by Milutinovic et al.[12] and later by Gonzales et al. [5].
Instead of partitioning the cache statically, a dynamic parti-
tioning scheme was presented in a paper by Kampe and Dahl-
gren [10], in which data blocks are loaded in different ways
depending on whether the data exhibits temporal or spatial
behavior.

A good survey of all the approaches presented in this sec-
tion can be found in a paper by Tam et al. [15].

Most approaches to reduce the miss rate in a cache either
target the replacement algorithm, as in our case, or use
prefetching in one form or another. A different but interesting
approach is presented in a paper by Karlsson and Hagersten
[9]. Their method reduces the miss rate by carefully selecting
the blocks to place in L1. In order to make this decision all
data blocks are first placed in a smaller cache parallel to L1
and called K1. The behavior of a block in K1 decides whether
the block is placed in L1 upon eviction from K1. However, the
authors observe the need for a way to recover from a poor
decision on where to place an evicted K1 block. Upon eviction
from K1 all data are timestamped and, if the time span
between the eviction of and the next access to the same block,
is shorter than a threshold the block is placed in L1, even if the
behavior in K1 indicated it should not. Thereby it is possible to
recover from faulty predictions. The problem is to define the
threshold. Counting the number of references between evic-
tion and the next access is not sufficient, as shown in the paper,
since different applications have different threshold. Most
likely the threshold is also data dependent. This problem is
avoided by defining a new time unit, the Cache Allocation
Tick, which is the number of blocks placed in L1. This unit
seems to have very stable behavior according to the data pre-
sented in the paper. Instead of storing the information regard-
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ing the behavior of the blocks in a special unit, such as our
MHT, it is stored with the data block in L2. Of course, the
effect of placing behavior data in L2 is yet to be determined,
since that space in L2 could also be used for actual data.

7. Conclusion and Future Work

The main contribution of this paper is to show that it is possi-
ble to improve the LRU-replacement algorithm in a data cache
by detecting the mistakes it makes. Our approach, called self-
correcting LRU, works by detecting and correcting dynami-
cally two types of mistakes made by LRU. The first mistake is
the dead block mistake and it comes in two variants. The first
variant is the Bypass-block. The Bypass-block is only refer-
enced once and then is never referenced again for a long time.
There is no use to put a Bypass-block in the cache and by
doing so the space is saved for more useful blocks. The second
variant is the Dead (D) block, where the block only hits in the
MRU position due to spatial locality. D-blocks must be evicted
as soon as possible after leaving MRU to save the space for
more useful blocks. The second mistake the LRU algorithm
can make is to evict a block that is going to be accessed in the
near future. The cache should keep these Live (L) blocks for a
longer period. By using a shadow directory to detect the mis-
takes in each set of the data cache we are able to improve the
miss rate by up to 24% in a 4-way cache. The effectiveness of
self-correcting LRU is by no means limited to 4-way caches as
investigated here. As shown in Figure 13, it improves the miss
rate of a 2-way cache as well. With wider associativities, we
believe that there is even greater room for improvement.

The possibilities of our self-correcting LRU algorithm are
far from fully investigated. It can for instance be used for
prefetching as suggested in other studies [11]. The Mistake
History Table (MHT) can also be improved, since all of the
detected AIs in Figure 5 are not necessary for good perfor-
mance. In our future studies, we will focus on improving the
hardware implementation as well as looking into using the pre-
diction scheme for prefetching.
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