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Abstract

Due to the ever-increasing computational power of contemporary microprocessors, the execution time spent
on actual arithmetic computations (i.e., computations not involving slow memory operations such as cache
misses) is sgnificantly reduced. Therefore, for memory intensive workloads, it is more important to overlap
multiple cache misses than to overlap slow memory operations with other computations. Based on the prediction
of missing loads addresses, data prefetching techniques have the capability to bring in the required data early
so that the miss latency can be overlapped with prior memory operations or other computations. In this paper,
we highlight the limitation of traditional prefetching techniques and advocate that value prediction, though
proposed originally as an instruction-level-parallelism (ILP) optimization, is more capable of overlapping
cache misses and increasing memory-level-parallelism (MLP) than traditional prefetching techniques for
pointer-chasing workloads. We develop an analytical model to examine performance potential of both data
prefetching and value prediction. Important and somewhat unexpected insights are revealed and the code
characteristics leading to the performance differences between these two techniques are identified. The
observations based on the model provide sound theoretical backgrounds of recent proposals on hiding memory
access latencies and highlight their performance potential.

1. Introduction

The trends in contemporary microprocessor design, including fast clock speeds, deep pipelines[22],
large window sizes [14],[15], aggressive out-of-order instruction execution, and wide fetch bandwidths
[19], result in atremendous ability to perform arithmetic computations (i.e., computation not involving
slow memory operations such as cache misses). Therefore, for memory intensive workloads, especially

those with heavy pointer chasing, it is more important to parallelize multiple cache misses than to



overlap cache misses with other computations. For example, assuming the pointer-chasing code shown
in Figure 1 results in many cache misses when traversing the linked list, these cache misses form a

memory dependence chain due to the dependencies among the missing loads.

while (a !'= NULL) {
/I Processing the fields of a
a = a->next; //traverse the link |ist

Figure 1. A pointer-chasing code example.

As processing the linked list takes a relatively small amount of time compared to traversing it, the
overall execution time is mainly determined by resolving such a memory dependence chain of missing
loads. To reduce the time of serving these dependent cache misses, different techniques have been
proposed. Data prefetching [1],[2],[8],[13],[21] based on address prediction of the missing loads, tries
to bring the data close to the processor (e.g., L1 or L2 Cache) long before the missing load executes so
that the miss latency can be overlapped either with other computation or with previous load misses. In
the code example in Figure 1, every successful address prediction of the chasing load has the potential
to eliminate one cache miss.

Value prediction [9],[16],[17], which relies on the predictability of the destination value of an
instruction (e.g., the load value) rather than the load address, enables dependent computations to be
executed speculatively while the missing load is being served. However, for pointer-chasing codes, the
predictability of load values can be viewed as at least equivalent to the predictability of load addresses
since one load address is simply the previous load’'s value plus a constant offset. Also, if the
dependence between two missing loads is carried through several cache-hitting loads, these two misses
can be overlapped when the first missing load’ s value is predictable or any of the hitting loads' valueis
predictable. The address prediction of the second missing load, however, does not benefit from any

successful address prediction of those hitting loads. While value prediction was proposed originally to



break true data dependencies as an instruction-level-parallelism (ILP) optimization, we advocate that
one of its most important merits lies in its ability to enhance the memory-level-parallelism (MLP) by
overlapping multiple outstanding load misses. In the code example in Figure 1, assume that the
instruction window can hold a certain number of iterations of the loop, say ten, and there are five
pointer-chasing loads (‘a->next’) in these ten iterations that will miss in the data cache. Also, we
assume that one of these five missing loads values is predictable, say the second missing load.
Predicting the value of the second missing load enables two of its dependent loads (the third and fourth
missing loads in this example) to be overlapped with the first and second missing loads. As aresult, a
single value prediction can reduce the number of cache misses by 2 -- much better than what would be
achieved using a prefetch with the same predictability.

The above simple pointer-chasing code illustrates that value prediction can be more effective in
overlapping cache misses and increasing memory level parallelism (MLP). In this paper, we introduce
a formal analytical model using performance bounds to evaluate and compare the performance
potential of both prefetching and value prediction. The target workload is memory intensive
applications with heavy pointer-chasing, e.g., programs involving traversing large linked lists, trees,
and graphs. This analytical model reveals the capability of both data prefetching and value prediction
in hiding cache miss latencies through MLP utilization. The important observations are drawn from the
model: while prefetching is generally effective for short memory dependence chains, value prediction
has better potential for long dependence chains. For along memory dependence chain due to pointer-
chasing, the performance difference between value prediction and prefetching scales proportionally
with the prediction accuracy, the memory dependence chain length, and load miss penalties. Since the

chain length scales with the effective instruction window size and miss penalties scale with fast



processor clock speed, the model shows that value prediction is a very powerful technique for
improving MLP in high performance microprocessors.

The rest of this paper is organized as follows. Section 2 discusses the related work. Section 3
presents the performance modeling of memory prefetching. Section 4 contains the modeling of value
prediction. The performance comparison of the two is in Section 5. A detailed case study based on the
benchmark mcf is presented in Section 6. Finally, Section 7 summarizes and motivates the future work.

2. Related Work

Asdiscussed in Section 1, value prediction is proposed originally as an ILP optimization technique.
Lipasti et a. [17] proposed load value prediction to reduce the penalty of cache misses. Gabby et al.
[10] performed an experimental study on value predictability in load misses and address predictability.
They showed that value prediction can complement data prefetching since some loads show only
predictable values and some loads exhibit only predictable addresses. In our study, we focus on
pointer-chasing workloads, in which the predictability of load values is equivalent to the predictability
of addresses, and we propose an analytical model to compare value prediction with prefetching directly
in their capability to hide memory access latencies.

Recently, several schemes have been proposed to hide memory access latency using the value
prediction principles. Address prediction for prefetching, proposed by Gonzales et al. [11], uses the
predicted addresses to prefetch data into a special buffer, called Memory Prefetch Table, and the
prefetched data are later on used as predicted values. Pointer cache structure, proposed by Collins et al.
[5], stores the values of loads that correspond to pointer-chasing and then is used as a value predictor if
a load hits in the pointer cache. Recovery-free value prediction [26] uses value prediction for
prefetching, thereby avoiding the misprediction recovery and also being able to leverage aggressive

memory disambiguation for prefetching. The analytical model developed in this paper provides both



sound theoretical backgrounds of these proposals and performance bounds that can be achieved by
them.

A very large instruction window can be effective to hide long memory access latency [14],[15]
although it incurs much higher branch misprediction penalty. Our analytical model show that
performance potential of value prediction scales with the window size, thereby complementing the
effectiveness of large windows in hiding long memory access latencies.

Another promising way to hide memory latency is based on the concept of pre-execution/pre-
computation. Both hardware-based and software-based schemes have been proposed [6],[18],[20],[27].
As pointed out in [5], value prediction can help the speculative thread to run far ahead using data
speculation. Also, as discussed in [26], speculative execution enabled by value prediction can be
viewed as an implicit thread when it is used for prefetching.

3. Performance M odeling of Memory Prefetching

For workloads with heavy pointer-chasing, the memory dependence chain of missing loads
dominates the overall execution time since other computations (including those cache hits) are either
overlapped with the memory access latency or only accounts for a small portion of the overall
execution time. Instead of relying solely on simulation, we use performance bounds to evaluate the
performance potential of memory latency hiding techniques and then we use simulation to validate the
conclusions that we draw from our performance model. For a memory dependence chain containing N
dependent, missing loads (which we call a dependence chain of length N), a lower bound of execution
time (LBET) is defined as the time to resolve all these missing loads:

LBET oigina = N * Miss_latency. D

In this model, we use the same miss latency to model the penalty of all missing loads. For a memory

hierarchy with multiple cache levels, the miss latency varies at each level. As the miss latency at a



lower cache level (e.g., LO or L1) can usually be hidden successfully with out-of-order execution or
aggressive instruction scheduling [23], we choose to use this memory dependence chain to model a
sequence of cache misses at a higher level cache (e.g, a sequence of dependent L2 misses).

To model the performance potential of memory prefetching, we assume that if the address of a
missing load is predictable (i.e., the missing load is prefetchable), then a prefetch can be triggered
early enough so that the miss latency is hidden completely. Such an idealistic assumption favors the
results of prefetching, but do not affect our conclusions. Based on this assumption, if K missing loads
along the chain can be prefetched, the performance bound is then the time to resolve the remaining (N-
K) load misses (the L1 cache hit time isignored in our modeling as it is at least an order less than the
L2 miss latency):

LBET preferch k = (N —K) * Miss_latency. 2

In other words, prefetching K loads collapses a chain of length N into a chain of length (N-K). For
example, consider the pointer-chasing code “a->b->c->d->¢€”, where a-e are loads, and assume they

result in four dependent missing loads. Prefetching any of them will reduce the length of the chain to 3,
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Figure 2. (a) Thecode ‘a->b->c->d->€' resulting in a memory dependence chain of 4 missing loads; (b) Prefetching 1
missing load along the chain reduces the chain length by 1.

as shown in Figure 2.

The model can then be extended to include the impact of load address mispredictions. If the address
prediction accuracy is x% (assuming the same accuracy for all predictions for simplicity), the

performance bound is the weighted sum of successful prefetching and prefetching with mispredicted



addresses. Assuming prefetching a mispredicted address has little impact on the overall performance,
the performance bound can be computed as:

LBET = LBET paen k * X% + LBET 450 * (1—X%)

= (N=K* x%) * Miss Penalty. ©)

prefetch_K_accu

For a special case K = 1, i.e., prefetching one missing load, the performance bound is N * Miss
Penalty — Miss Penalty * x%.
4. Performance Modeling of Value Prediction

Predicting the value of a single missing load along a memory dependence chain, say the i load,
breaks the dependence chain into two shorter ones. The performance bound is then determined by the
longer one of the resulting two shorter chains, one with the length i and the other with the length (N-i).
Thus, the performance bound can be computed as:

LBET yregiction 1(1) = max{i*Miss_Penalty, (N-i)*Miss_Penalty} 4

As can be seen from Equation 4, unlike prefetching, the performance bound based on value
prediction is dependent on where the prediction is made along the chain. Using the example in Figure
2, we can enumerate the predictions made for all different missing loads along the dependence chain,
as shown in Figure 3. Figure 3a shows the memory dependence chain. In Figure 3b, predicting the first
missing load enables the second load to be executed speculatively, thereby overlapping the memory
access latency of these two loads. Predicting the value of the second load breaks the chain more evenly
and results in more overlapping of missing loads (i.e., more MLP), as shown in Figure 3c. Figure 3d
shows that predicting the third load only enables the fourth load to be overlapped. Predicting the value
of the fourth load does not reduce the chain length (i.e., no performance improvement) assuming that

there are no missing loads dependent on it, as shown in Figure 3e.
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Figure 3. (a) A memory dependence chain of 4 miss loads; (b) Predicting the value of the first missing load; (c)
Predicting the value of the second missing load; (d) Predicting the value of the third missing load; (e) Predicting the
value of the fourth load.

As the performance bound of predicting one load along the memory dependence chain depends on
which load is predicted, we can use a probabilistic approach to model this effect. Assuming p(i) isthe
probability of a prediction happening at the i" missing load along the chain, the performance bound
can be derived as follows.

N
LBE T pratcion 1 = Z;, P() * LBET pecion 1(i) )
For a uniform distribution of p(i), (i.e., p(i) = 1/N), Equation 5 can be simplified into Equation 6

when N is odd:

N_
2
LBETpredicion 1 = 2% 2. [p(i) * (N-i) * Miss_Penalty] + p(i =N) * N* Miss Penalty

[y

3, 1.,
—* N +—)* Miss_Penalt 6
( N > Penalty (©)
Similarly when N is even, LBET , ocion 1 = (%* N ) * Miss_Penalty.

Based on this derivation, one very interesting observation is that predicting a single load has a

similar effect to reducing the chain length from N to %*N. Thus, predicting K loads along the chain



would reduce the chain to (%) * N, i.e., LBET ,qggion « = (¥ * N * Miss |atency as one prediction
usually would not affect the predictability of other instructions. When taking the prediction accuracy
(which is the same accuracy for all predictions for simplicity purposes), x%, into account, the
performance bound becomes Equation 7, assuming the misprediction penalty is small compared to the
load miss latencies (if we focus on using value prediction to improve MLP, the recovery from value
mispredictions can be removed completely [26]).

LBET = LBET pregicion « * X% + LBET gigna * (15%)

=[1—x% + (32 *x%] * N* Miss Penalty (7)

prediction_k_accu original

For a special case K = 1, i.e, predicting one missing load, the performance bound is N * Miss
Penalty — (¥4 * N* Miss Penalty * x%.

5. Comparison between Prefetching and Value Prediction in Hiding Miss L atencies

In this section, we compare the performance potential of data prefetching and value prediction. We
first focus on the case of predicting a single value or address along the chain. Then, we extend our
discussion to predicting K values or addresses.

As discussed in the previous sections, prefetching a single missing load (i.e., predicting the address
of one missing load) reduces the chain length by 1 (from N to N-1) while predicting the value of a
single load has the potential to reduce the chain length by %2*N. As discussed in Section 1, if the
memory dependence chain is due to pointer-chasing, then the predictability of the i load value is
equivalent to the predictability of the address of the (i+1)™ load. Thus, the performance difference
between single prefetching and single value prediction is (1 — %2*N) * Miss _latency * x%. As aresullt,
we can see that if N < 4, then ¥#N < 1, which implies that prefetching outperforms value prediction
for short memory dependence chains. When N > 4, then ¥#*N > 1, which shows that value prediction

has better performance potential for memory dependence chains containing more than 4 dependent



missing loads. Moreover, the performance difference is proportional to the chain length, cache miss
latency, and prediction accuracy, i.e., value prediction is more superior to prefetching for higher miss
latencies and better prediction accuracies. This conclusion is somewhat surprising as prefetching is a
widely accepted technique to overcome the memory gap while value prediction, proposed originally as
an ILP optimization, has not found its application in current processor design. Here, we argue that for
memory intensive pointer-chasing workloads the most important merits of value prediction lies in its
ability to enhance MLP instead of improving ILP.

When K values are predicted along the memory dependence chain, the lower bound of execution
timeis: LBET yegiction k = [1— X% + (%" *x%] * N * Miss Penalty, which is an exponential function of
the parameter K as we derived in Equation 7. Compared to prefetching K loads (or K address
predictions), for which the performance bound is a linear function of the parameter K, (N — K * x%) *
Miss Penalty, the performance differences can be illustrated in Figure 4, in which we pick different
chain length N (4, 8, 16) and different prediction accuracy x% (90%, 50%). The x-axis of the graphs in
Figure 4 indicates the number of value prediction or prefetching made along the chain and the y-axis
shows the resulting lower bound of execution time. From this figure, we can see that value prediction
performs consistently better than prefetch for long memory dependence chains for both high and low
prediction accuracies except when all the missing loads along the chain can be prefetched (i.e., K = N).
In addition, the performance potential of value prediction is usually achieved with few predictions (i.e.,
K <% * N) while much more prefetching is required to achieve the similar performance potential. Asa
result, value prediction can be made more selective along the chain without sacrificing the
performance. For shorter memory dependence chains (i.e., N < 4), better performance is achieved from
prefetching. Varying prediction accuracies has a direct impact on the performance potential for both

value prediction and data prefetching but it does not change the trend that we observed.
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Figure 4. Performance comparison of value prediction and prefetching. (x-axis: number of value prediction or
prefetching made along the chain; y-axis: the resulting execution time based on Equation3 and 7; N: chain length;
x% : prediction accur acy). (a) Chain length as4; (b) Chain length as 8; (c) Chain length as 16.

Although we establish that value prediction has greater performance potential based on the

analytical model, we need to examine it more carefully to intuitively understand why it produces such

potential. In order to do that, we take another look a the example in Figure 2 and Figure 3 and
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replicate the dependence chain in Figure 5a. Assume the third missing load along the dependence chain
is prefetchable, which also means that either the address of the third load is predictable or the value of
the second load is predictable. The prefetching scheme uses this predicted address to execute a data
fetch from memory and this fetch latency can be overlapped with outstanding misses of the first load,
as shown in Figure 5b. The value prediction scheme uses the prediction of the second load (or the
address of the third load) similarly to bring in the data. However, it takes this one step further by
utilizing the fetched data to execute another dependent load (the fourth load in this example) so that the

fourth load can be overlapped with the second load, as shown in Figure 5c.
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Figure 5. A memory dependence chain of 4 missloads; (b) prefetching thethird load; (c) value predicting the second
load.

From this example, we can see that the key reason that value prediction provides more MLP than
prefetching is that it uses the fetched data to enable more dependent missing loads to be executed. |If
the prediction is correct in the first place, such speculative execution propagates the predictability
even though the dependent loads are not predictable (but it is computable based on the previous
predictions). In this example, even if the value of the third load is not predictable, the data of the fourth
load can still be fetched. This observation also explains why a recently proposed technique, called
stateless, content-directed data prefetching [5] works better than traditional prefetching schemes.
Content-directed data prefetching analyzes the content of the fetched data block to check whether the
data could potentially be a pointer de-reference address. If so, it will attempt to fetch the data fromthis

address as well. Similar observation was also made by Yang et a. [24] and they proposed a special
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prefetch controller to dereference pointers at higher levels of memory hierarchy and push the data to
the processor. Vaue prediction, compared to them, uses the fetched data more judiciously by
following the code semantics so that it uses the resources more efficiently and has fewer chances to
pollute the cache. The drawback of value prediction is that the effective instruction window should be
large enough to fetch in the dependent missing loads.

6. Case Study

In this section, we use a detailed case study to validate our observations made in Section 5. We
describe the experimental methodology in Section 6.1. The code segment from the benchmark mcf is
presented in Section 6.2 as our target workload. Section 6.3 contains the experimental results and
Section 6.4 briefly summaries the other workloads that we studied.

6.1. Methodology
In our experiments, a detailed timing simulator based on the Simplescalar [2] toolset is used. The

underlying processor organization is modeled upon the MIPS R10000 processor [25], configured as
indicated in Table 1. We also vary the instruction window size and the L2 cache miss latency to

evaluate the performance impact of both value prediction and data prefetching.

Table 1. Base processor configuration
Ingtruction Size = 32 kB; Associativity = 2-way; Replacement = LRU; Line size = 16 instructions (64
Cache bytes); Miss penalty = 10 cycles.

Data Cache Size = 32 kB; Associativity = 2-way; Replacement = LRU; Line size = 64 bytes; Miss penalty
= 10 cycles.

Unified L2 Cache | Size = 512 kB; Associativity = 8-way; Replacement = LRU; Line size = 128 bytes;, Miss
penalty = 80 cycles.

Branch Predictor | 64K entry G-share; 32K entry BTB

Superscalar Core | Reorder buffer: 64 entries; Dispatch/issuelretire bandwidth: 4-way superscalar; 4 fully-
symmetric function units; Data cache ports: 4

Execution Address generation: 1 cycle; Memory access: 2 cycles (hit in data cache); Integer ALU ops =
Latencies 1 cycle; Complex ops = MIPS R10000 latencies
6.2. Workload

In this section, we choose the benchmark mcf as our target workload since it is pointer intensive and

is well known for its infamous memory behavior. We skip its first 500M instructions and use the next
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100M instructions to warm the caches. Then, the following 100M instructions are simulated to obtain
the performance results. In the execution range that we simulated, we found that the loop in the
function refresh_potential, as shown in Figure 6, is most frequently executed and causes a significant
amount of L2 cache misses. We underlined the loads that tend to missin L2 cache and labeled them as

nodes 1-6 in Figure 6.

tmp = node = root->child;
while( node !=root )

while( node)

if( node->orientation == UP)
node->potential = node->basic_arc->cost + node->pred->potential;  //nodes 1-4
else/* == DOWN */
{
node->potential = node->pred->potential - node->basic_arc->cost;  //nodes 1-4
checksum++;
}
tmp = node;
node = node->child; /Inode 5, atraversing load
}
node = tmp;
while( node->pred )
{
tmp = node->sibling; /Inode 6, atraversing load
if(tmp)
{

node = tmp;
break;
}
ese
node = node->pred; /ltraversing load

Figure 6. A code segment from the tar get workload, mcf.
As shown in the code segment, the data structure can be traversed through several possible

directions (or fields of the structure node), marked as ‘traversing load’ in Figure 6. After examining
the dynamic execution sequence of the loop, we found that the most frequently used traversing
direction is through the ‘sibling’ field (i.e., node 6) and the traversing load through the field ‘child’

(i.e., node 5) always fetches a value of zero although it causes many L2 cache misses. Based on the
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dynamic execution sequence, we can construct a memory dependence chain as shown in Figure 7
consisting of the missing loads (i.e., nodes 1-6) in multiple iterations of the loop. Note that the memory
dependence chain only contains dynamic cache misses. If a node hits in cache for some iterations, it

will disappear from the memory dependence chain and the chain length could be shorten accordingly.

6
1 I 370 s
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2 . 4 chain for one iteration
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o ‘ 4 chain for the next
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Figure 7. The memory dependence chains for med by missing loadsin multiple iterations of theloop in Figure 6.
6.3. Results

From the memory dependence chain in Figure 7, we can see that dynamic instances of the traversing
load, node 6, form the critical path of this chain. Using the observations drawn from Section 5, we can
expect that predicting the values of these loads will have a significant performance impact if the
instruction window can hold multiple iterations of the loop body. Prefetching the same set of loads will
shorten the dependence chain length as well but its performance gain is expected to be less impressive
than value prediction for large instruction windows.

To validate our expectations, we first identified those instances of node 6 (i.e., the same load in
multiple iterations) that will missin L1 and L2 caches. We do so by probing the cache when the load is
decoded. Since the actual load address can be dependent on previous missing loads, we use the
information from functional simulator to probe the cache. Such a probe only checks whether the

address is present in cache or not and will not change any cache state. After we identify those loads,
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we perform either oracle value prediction (see Section 6.4 about our experiments of using real value
predictors) or ideal prefetch. The ideal prefetch is realized by turning a L2 cache missinto aL1 cache
hit, emulating the prefetch is issued early enough to hide the miss latency completely. Oracle value
prediction is used correspondingly to examine the performance potential of value prediction. Since the
prefetching and the value prediction are upon the same set of missing loads, we can then evaluate the
performance impact of either of them by calculating how much run time can be saved from one
prefetching or one value prediction in average. The results are shown in Figure 8 for different

instruction window sizes (64, 128, 256, 512, and 1024 entries) and memory access latencies (80 and

160 cycles).
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Figure 8. Therun-time reduction from prefetching and value prediction. (a) memory access latency: 80 cycles (b)
memory access latency: 160 cycles.
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Several important observations can be made from Figure 8. First, the effectiveness of both
prefetching and value prediction improves when the instruction window (ROB) size increases. For
value prediction, a larger instruction window means a longer dependence chain can be broken down,
thereby leading to better performance improvement, as discussed in Section 5. Prefetching, on the
other hand, also favors a larger window size since more dependent missing loads can be fetched into
the instruction window to utilize the prefetched value. For example, when the pipeline is stalled due to
resolving cache misses due to nodes 1 and 2 (see Figure 7) and the instruction window is full, a
successful prefetching of node 6 is not very useful when its dependent missing loads (i.e., nodes 1-6 of
the next iteration) are not present in the instruction window. Secondly, the results show that value
prediction performs consistently better than prefetch for window size ranging from 64 to 1024 and for
different memory latencies. The performance differences between value prediction and prefetching
scale with window size and memory access latency, validating the analytical results from Section 5.
Thirdly, when memory access latency is 80 cycles, there shows a sign of diminishing returns when the
window size is increased from 512 to 1024 since the performance pressure starts shifting to control
transfer prediction. For alonger memory access latency of 160 cycles, such diminishing returns are not
so evident. Overall, we can see that the effectiveness of value prediction scales much better with both
window sizes and memory latencies, confirming our conclusion that value prediction is a very
powerful technique to hide memory latencies for high performance microprocessors.

In the memory dependence chain shown in Figure 7, the dynamic instances of the traversing load,
node 6, forms the critical path. For other missing loads in the dependence chain, the dependence chain
is short and generally not on the critical path. For example, node 5 depends on node 6 and there is no
missing loads following node 5. Thus, predicting the value of node 5 has almost minimal performance

impact (7.4 cycle run time reduction per prediction for a 4/64 instruction window). Prefetching the
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same node, on the other hand, shows some performance improvement (23.6 cycles per prefetch in
average) for small instruction windows (a 4/64 window) and less impact on larger windows (15.6
cycles per prefetch for a 4/512 window). The reason is that the window size becomes a resource
constraint for small windows when serving a cache miss. Once this constraint is removed, the missing
loads on the critical path will overlap the non-critical misses. As a result, removing those non-critical
misses through prefetching will not shorten the overall run time significantly.

6.4. Other workloads

In addition to the benchmark mcf, we studied other memory intensive workloads including those
from SPEC 2000 INT and FP benchmark suite [12] as well as the Olden benchmark suite [3]. Similar
to what we did with the benchmark mcf, we first identified the critica memory dependence
relationship in the most frequently executed path(s) of the program. Then, we examine the
performance impact of predicting and prefetching the missing loads in the memory dependence chain
to validate the observations made in Section 5. The results based on the selected pointer-chasing SPEC
2000 INT and Olden benchmarks are similar and the benchmark mcf is most representative among
them. SPEC 2000 FP benchmarks feature with large array accesses and the memory dependence chains
are usually short. As aresult, data prefetching combined with larger instruction windows provides an
effective way to hide the memory access latencies for these workloads.

We also performed experiments with stride and context value/address predictors using recovery-free
value prediction [26]. There shows little change in the results since we reported the performance
improvement as how much run time reduction can be achieved for each prediction/prefetching in
average. The major difference is the number of value predictions that can be made by a real value
predictor. The cache pollution impact of mispredictions is limited when a standard confidence

mechanism is utilized.
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7. Summary

An analytical model is developed in this paper to model the performance potential of data
prefetching and value prediction for memory intensive workloads. It is established that for pointer-
chasing codes with long dependence chains (e.g., chasing a link-list), value prediction results in better
MLP utilization and outperforms data prefetching given the same predictability model. The key reason
for such a success is that the fetched data is not only placed in the cache but also used to drive the
dependent loads, thereby propagating the predictability through speculative execution. The
performance model also shows that the performance difference between value prediction and address
prediction based prefetching scales with the chain length, the memory access latency, and prediction
accuracy, thus making it highly compatible with trends in current microprocessor design.

Based on these important observations, the following interesting directions are worth careful
exploration to hide memory access latencies more effectively.

» Designing more powerful value/address prediction techniques to break memory dependence
chains more aggressively.

»  Combining both prefetching and value prediction can potentially provide better results, since
prefetching works well for short chains and value prediction is better for longer chains.

e Using profile information. The analytical model in this paper is based on several
assumptions. prediction happens along a chain in a uniform distribution and all predictions
have the same accuracy. Profile-based analysis can refine the model and guide the compiler
to use the prediction and/or prefetch techniques more effectively.
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