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Abstract

Accurately fetching data objects or pages in ad-
vance of their use is a powerful means of improving
performance, but this capability has been difficult to
realize. Current OODBs maintain object caches that
employ fetch and replacement policies derived from
those used for virtual memory demand paging. These
policies usually assume no knowledge of the future.
Object cache managers often employ demand fetching
combined with data clustering to effect prefetching,
but cluster prefetching can be ineffective when the ac-
cess patterns serviced are incompatible.

This paper describes Fido, an experimental pre-
dictive cache [PZ90] that predicts access for individu-
als during a session by employing an associative
memory to assimilate regularities in the access pattern
of an individual over time. By dint of continual train-
ing, the associative memory adapts to changes in the
database and in the user’s access pattern, enabling on-
line access predictions for prefetching. We discuss
two salient components of Fido:

1. MLP, a replacement policy for managing pre-
fetched objects

2. Estimating Prophet, an associative memory that
recognizes patterns in access sequences adaptively
over time and provides on-line predictions used
for prefetching.

We then present some early simulation results
which suggest that predictive caching works well, es-
pecially for sequential access patterns, and conclude
that predictive caching holds great promise.

1. Introduction

A major performance factor for current OODB
systems is the cost of fetching objects from secon-
dary storage into a local cache as needed. In
workstation-server architectures, this cost is com-
pounded as data crosses several I/O boundaries on its
path from the server’s secondary storage to an appli-
cation’s memory. Given the high relative cost of per-
forming I/O, an ability to anticipate data movement
across communication links and prefetch objects
presents a potent means of improving performance.

Data caching in a workstation-server architecture
improves performance, as described by Cattell et al
[RKC87]. Chang and Katz [CK89] found that cache
management policy has the largest effect on response
time, followed by clustering, a topic of much interest
[C+82],[S84],[HK90]. Clustering creates for data a
locality of reference like that present in code, the

property exploited by virtual memory managers.

However, a major purpose of databases is to al-
low data sharing. Clustering can be inherently inef-
fective when users mix conflicting patterns in access-
ing the same data. Devising a clustering that is both
fair and efficient then becomes problematic, and
finding an optimal partitioning can be computation-
ally infeasible [N78].

- We are finding that access patterns within iso-
lated contexts are often predictable because of struc-
ture in data and determinism in programs. Similari-
ties between sessions can be recognized and
exploited to achieve accurate prefetching.

1 fow at Digital Equipment Corporation, CAD/CAM Technology Center, Chelmsford MA. Enet: palmer@cadse.dec.com
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Predictive Caching

Predictive caching promises a more accurate
means of prefetching, A predictive cache can supple-
ment cache management strategies such as LRU or
function as a primary cache. Fido’s predictive cache
model is a simple extension of common demand
fetching strategies. A client cache manager is aug-
mented with a "black box" component known as the
Estimating Prophet. The prophet leamns access pat-
tems in isolated contexts over time well enough to
predict access within each context. During a data-
base session, the prophet monitors client-server com-
munication and generates access predictions, which
are used by the predictive cache manager to prefetch
data. Each prediction indicates an expected order and
likelihood of access, information that is exploited by
the cache manager’s replacement policy.

This solution addresses the difficulties described
above and has several desirable properties. The
prophet gains experience with each access pattern in-
dividually, and tailors its predictions in each isolated
context according to the history of that context, with-
out considering other usage patterns. Also, the
prophet monitors access sequences in a non-invasive
way, requiring no knowledge of data model or
schema. Its operation is automatic and invisible to
the database administrator, requiring little in the
way of time, intuition, or expertise to operate. By
continually monitoring access sequences, the prophet
adjusts its predictions to reflect changes in usage
quickly, incrementally, and in a uniform way.

Paper Structure

This paper introduces some concepts and termi-
nology useful as a framework for studying predictive
caching, and discusses the design issues encountered
as well as properties we have discovered by experi-
menting with Fido. It does not present analysis of
prediction optimality in all possible worlds.

Our current research focuses on two topics. The
first topic concemns how to best incorporate predictive
prefetch activity in cache management, given the
costs of prediction and prefetching. The second topic
involves studying various designs for the prediction
component. Accordingly, this paper presents a a)
model for predictive cache management and b) an
associative memory design for a prophet that recog-
nizes and predicts access sequences on-line.

Section 2 describes the way Fido fits into a typi-
cal OODB architecture. In section 3, a cache model
for managing prefetches is presented. An method for
recognizing and predicting access patterns is pre-
sented in section 4. Section 5 describes some inter-
esting experiments in simulating a predictive cache
using actual access traces. Section 6 discusses re-
lated work, and some conclusions are offered in Sec-
tion 7.

2. Architectural Overview

The purpose of this section is to summarize just
those aspects of the target database architecture es-
sential to illustrate how Fido works. This description
covers a subset of functions provided by the database
system, and entails some simplifying assumptions.
First, methods for managing a cache of variable-sized
objects are orthogonal to the issues of accuracy and
costs of prefetching examined in this paper, so one
running assumption is that objects are of uniform
size. Second, the distributed system architect must
consider methods of validation and synchronization
of cached objects against replicas in other caches and
on secondary storage. However, these issues have
also been addressed by others (e.g. [ABG90]. [N90],
[G+88]), and are not considered here. We assume
that prefetched objects are locked and validated in
cache as if they had been requested. The target de-
sign applications will usually have low contention for
write locks, since these applications often have high
read/write ratios ((RKC87], [CK89]). The operation
of predictive caching per se does not rely on these
simplifications. Predictive caching is most useful to
distributed applications that:

¢ are data intensive, with high read/write ratios

e have structurally constrained or regular access
patterns for which a good clustering is elusive

e create and delete medium granularity objects at a
rate slow enough to permit tracking of changes

e preserve some degree of object identity.

In general, CAD applications have many of
these characteristics. Object identity is maintained
by OODBs, which support data sharing between
such applications. Fido is intended to operate in
OODB systems where applications retrieve objects
from secondary storage and cache them in local
memory. This is known as a workstation-server, or
interpreter/ storage manager architecture. The typical
system consists of a central server machine respond-
ing to requests for daa shared between applications
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running independently on workstations. Several sys-
tems, such as Cactis [HK90], 02 [VBD89], ORION-
1SX [G+88], and Mneme [M90] are similar in this
respect. In [DM90}, the performance of several such
variations is compared. The system to which we are
adding Fido is Observer/ENCORE [FEZ90]. The pri-
mary components of this architecture are the database
server, the client, and the prophet.

Database Server Observer acts as a typeless back
end to applications, managing all access to the sec-
ondary storage of the database. Observer maintains
strong identity [KC86]. This property greatly aids
predictive caching, because the preservation of iden-
tity simplifies recognition of regularly reoccurring
parts of an access patten. Object identity in Ob-
server is provided via an external unique identifier
(UID) which acts as an immutable handle for an ob-
ject and is not recycled. Some OODBs assign mean-
ings to individual bits of UIDs, however these are
not of concern to the prophet, which interprets all
UIDs as symbols. In Observer, objects can be clus-
tered into segments and can migrate and be repli-
cated between segments. Observer usually prefetches
clusters called segments in response to a read, but
this feature is not used when predictive prefetching

is in progress.

To facilitate prefetching, the basic Observer read
function is extended in several ways. A requester
marks reads for either demand or prefetch processing.
The read message supplies a list of UIDs to the
server, which gets the identified objects from disk or
a server-managed buffer and retumns them to the re-
quester. Observer ensures that outstanding prefetch
requests do not delay demand requests by providing
a pre-emptive read operation, for demand requests,
that is serviced before other reads.

Client The workstation application interfaces to the
server via the ENCORE client component, which acts
as an interpreter, mapping the data model used by
the application onto operations understandable by
bserver. ENCORE implements object type semantics,
executing methods and enforcing encapsulation, and
is typically bound into the application’s image. The
client also validates cache objects and supports other
database functions related to persistence and distri-
bution, but the operation of these is unrelated to the
prefetch mechanism. The salient function of the cli-
ent is that it allows the application to reference ob-
jects by UID, without knowledge of how or where
objects are stored. The client ensures that referenced

objects are ferried between the server and the appli-
cation’s local memory transparently. It is the per-
formance of this function that is greatly improved by
prefetching. ENCORE maintains a cache of cur-
rently used objects, sending demand requests to the
server when the application references an object not
in cache and “flushing” modified objects back to the
server’s secondary storage as needed. These systems
take various approaches to translating object refer-
ences to memory addresses, but a common feature is
that the application references each object via its
UID. The client then uses a Resident Object Table
(ROT) to obtain a pointer to the object’s location in
memory, and may "swizzle" the ROT entry by adding
a pointer to it. The client also interfaces to the
prophet component.

Estimating Prophet The job of a prophet compo-
nent is to predict the next references to be made dur-
ing a user session. The prophet can be configured as
a separate process or embedded in the client image.
It has two primary modes of operation: training and
prediction. Given a small sample of the current ac-
cess sequence, the prophet predicts which objects
will be requested next. An individual prediction may
indicate that alternate sequences are anticipated, by
arranging identifiers according to expected order and
likelihood of access. The prophet “learns” access
patterns over time via training and becomes increas-
ingly better at predicting accesses, until it reaches a
stable state where learning ceases. This state may be
reached because the prophet is not encountering any
new information or changes in access pattern, or be-
cause it has exceeded user-specified resource limits.
The information the prophet stores about a single ac-
cess pattern context is known as a pattern memory.

The prophet isolates access patterns specific to
individual contexts. It provides context identifiers
(CIDs) as a handle to associate pattemns genperated by
the same source. A programmer can assign a CID to
indicate the unique combination of user, application,
and function that generated a particular access se-
quence. For example, an ECAD application might
provide one function that graphically displays a cir-
cuit design, and another function to allow ad hoc
queries. The access pattern of the display function
might be very predictable, allowing efficient learn-
ing, while sequences generated by ad hoc queries
could be arbitrary and difficult to leamn. An applica-
ton might establish different contexts corresponding
to these two functions, even if invoked by the same
user. With contexts, a designer can use knowledge
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of an application to “focus attention” of the prophet,
preventing conflicting access patterns from interact-
ing in pattern memory. Contexts limit pattern mem-
ory size, speeding prediction. The prophet stores a
pattem memory for each CID between sessions.
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Figure 1 - Client, Server, and Prophet

Figure 1 shows how the prophet interacts with a
client and server. UIDs are represented as letters and
objects as circles. As the application begins a ses-
sion, the prophet loads in (0) the pattern memory
specific to the context. The application makes a se-
quence of references (1) to “a b ¢ ...”, handled by the
client cache manager. The client converts the UIDs
to memory addresses of objects by looking into the
ROT. References to a and b return pointers (2) to
those objects in the local cache. If an object (e.g. ¢)
is accessed but is not in cache, the client issues a pre-
emptive demand read (3) to the server and blocks.
During the session, the prophet samples the current
access sequence (4), recognizes the start of a known
pattem, and completes it, predicting "d e f g". Since
e is already in cache, the client starts a prefetch re-
quest for (5) d, f, and g, entering "promises” for
these objects into the ROT. Any accessto d, f, or g
before the prefetch request arrives blocks until I/0
completion updates the promises, converting them to
regular ROT entries. As described in the next section,
ROT entries implement an order that governs re-
placement decisions.

D=m:un|phor

3. Predictive Cache Model

As mentioned above, the client ferries objects
between the server and the workstation’s memory
transparently to the application. The prophet gener-
ates predictions, causing objects to be prefetched.
The client needs a strategy for managing prefetched
objects. This section outlines a cache management
model for use with predictive prefetching.

Simulation has been helpful in understanding issues
in designing a predictive cache, that include:

e an appropriate model for prediction

e ideal case operation, when many correct predic-
tions are being generated

e faulting and space utilization behavior in the
worst case, when no (or many, incorrect) pre-
dictions are made

* interactions between cache objects when a pre-
fetch is accessed, on faults, and during evic-
tion/replacement decisions

e computation and communication ovethead for
prediction and prefetching.

As illustrated in figure 1, Fido maintains a FIFO
sampling window through which the current access
sequence passes. On each reference to an object o, if
o 1is not in cache, a demand read (fault) is started.
Fido then gives the immediate past sequence history
to the prophet, which may return an estimate of the
immediate future. If so, Fido checks whether any pre-
dicted objects are already in cache, and begins a pre-
fetch read for those which are not. When prefetched
or demanded objects arrive, an asynchronous com-
pletion routine decides which objects to replace. The
overall strategy of predictive cache management in-
volves three goals:

1. quickly flushing erroneous predictions from
cache

2. avoiding wasted cache space when no predictions
are being made

3. controlling the volume and cost of predictions.

The first two goals are acheived by Fido’s re-
placement policy, and the last by heuristics. Fido
monitors prediction performance and adjusts certain
prophet parameters to throttle the prediction rate and
prediction accuracy. We will now introduce some
vocabulary, describe replacement, and then portray
Fido’s operation under several conditions.
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Definiti

We use the following terms to define a predictive
cache:

Predictive cache
A predictive cache C={R U P} is the union of two
disjoint sets - a prefetch set, P, and a set of refer-
enced objects, R.

Prefetch set

A prefetch set P is the set of prefetch requests present
in cache at any one time. Objects in older prefetch
requests are considered less likely to be accessed than
objects in more recent requests.

Prediction

A prediction [T =0 ... o is a list of identifiers par-
tially ordered by expecte‘g access sequence and fully
ordered by probability of access. That is, an access
to o, is expected before an access to o; for i<j, unless
0, and o, are altemnate possibilities, ifi which case an
access t0 0; is more likely than an access to o;. The
prediction size, ® < Pmax, isideally the cache size.

Prefetch request

A prefetch request =, is the order-maintained subset
of objects identified in prediction IT; which are not in
C at the time the prediction is made. The "head" of
the prefetch request is the object most likely to be ac-
cessed first, while the "tail"” is the object whose ac-
cess is expected furthest in the future and is least

MLP Replacement Policy

A cache manager decides which objects to replace
with new objects by using a replacement policy.
Fido’s replacement policy flushes erroneous pre-
fetches from cache by ensuring that unused pre-
fetches have lower priority than new prefetches or
referenced objects. The Minimum Likelihood Pre-
fetch (MLP) replacement policy stipulates:

¢ Within a prefetch request, evict the Minimum
Likelihood Prefetch first. That is, prefetch evic-
tion happens from tail to head of each prefetch
request.

¢ Our definition of P implies that old prefetch re-
quests are evicted before new prefetch requests.

¢ On access to object o, promote o to the list head,
i.e. - use the move-to-front (MF) rule [ST85],
or remove o if o is consumed (i.e. - copied out).

The MLP eviction rule is adapted from the
proven optimal replacement policy for demand pag-
ing, OPT [S90]. OPT always replaces that item
which is accessed furthest in the future, but operates
off-line. MLP replaces objects which are expected to
be referenced furthest in the forseen future. The
main difference between MLP and OPT is that MLP
uses estimated, incremental knowledge of the future,
instead of the perfect prescience assumed by OPT.

Operation

We outline a simpler version of the algorithm
presented in [PZ90] here. The ROT for C is modeled
as a fixed size list that is scanned on reference. For
efficiency, scans begin at the head of the most recent
prefetch request. Items are inserted at the head and
deleted from the tail. This behavior govems how ob-
jects are brought into and evicted from C, whether
they be prefetch requests or faults. As an access se-
quence is processed, the prophet generates predic-
tions, which result in prefetch requests. As prefetch
requests arrive, they are inserted at the list head in
reverse of their expected order. The object whose ac-
cess is expected furthest in the future - and is least
likely - enters and is evicted from C first. The fig-
ure below illustrates reference processing.

Time Ref/Prefetch _ROT list state

0 a Lclllalmlblk]
1 b (blcTilalmlk]
2 ¢ tclblallimlkl
2 TEkdefxg

3 d (dlel flxI

4 e Le

5 f | ¢ |
6 q (gl flel g |
7 g (glglfleldlx]
8 h giglf le

Fig 2: Processing Prefetch Requests

In this example, references are in the left col-
umn, with the ROT shown at right. UIDs are added
at the head (left) of the list and removed from the tail.
By time 2, references to a, b, and ¢ cause reordering,
and the sampling window contents, abc, match a
known pattem, triggering a the prefetch request de-
fxg. The prefetch request’s arrival causes eviction of
everything but ¢. At 7, an access to q (instead of x)
faults, replacing ¢ with q. At 8, g is moved up,
leaving x to be evicted by the fault for h.
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To characterize the operation of the predictive
cache we briefly describe three cases:

1S R ition 0 |

A prediction is made every p,, . accesses. Each pre-
diction request arrives, fills the list, and is then con-
sumed from head to tail. This has the end effect of
moving IT from P to R, and move-to-front leaves the
list containing IT in reversed order.

2: Prediction Starvati

Within a session, long intervals occur during which
the current sequence is unknown to the prophet,
which then generates no prefetch requests. In this
situation, each access to C resuits in a demand fauit.
Since each demanded object is inserted to the list
head, the cache operates as an LRU cache using the
move-to-front rule in the absence of predictions.

3: Error Glut (worst case)

In this situation, some maximum number of predic-
tions is made on every reference, but none are cor-
rect, potentially causing the cache to be full of use-
less objects.

Fido adjusts several parameters as a heuristic to
control cases 2 and 3 above:

¢  Guess rate : The ratio of prefetches retrieved di-
vided by the number of references made at a
given time during the processing of a sequence is
denoted A.

e Accuracy: X denotes the ratio of correct predic-
tions to total predictions at any given time

o Efficiency: If o denotes the sample window size,
and ® denotes the size of a prediction, the ratio
v=0)/x, reflects how much sample is used in gen-
erating predictions.

Guess rate, accuracy, and efficiency interact.
Specifically, low efficiency produces lower guess
rate but higher accuracy. Fido monitors guess rate
and efficiency by keeping running averages. Predic-
tion starvation can occur because too much informa-
tion is supplied in the sample, and error glut can hap-
pen if the sample is too small. To control these
situations, Fido adjusts o according to yA. If xA
crosses a low or high threshold, Fido temporarily ad-
justs o to bring Ay, back into range.

4. Estimating Prophet

Previous sections of this paper have outlined a
model for managing a cache with prefetched objects,
but have assumed the ability to predict references.
This section presents a design intended to illustrate
how a prophet can learn to predict. The prophet
learns access patterns in training mode and recog-
nizes them in prediction mode. The client records
reference traces from each session within each con-
text. The prophet training algorithm processes each
reference trace - normally (but not necessarily) off-
line, between sessions, and incrementally improves
pattern memory for that context. Prediction mode is
used to generate prefetch requests, as described in
sections 2 and 3.

The intuitive explanation of how training and
prediction work is that the present sequence acts as a
cue - when the prophet is presented with a sequence
that is similar to some previously encountered situ-
ations, it recalls the consequences of those previous
situations - this is analagous to the way organisms de-
termine present behavior according to past experi-
ence. Thus both training and prediction rely on an
ability to quickly but inexactly retrieve previous se-
quences, using partial information about the present
sequence as a key, or address. We will first discuss
this inexact retrieval capability, and then outline its
use in training and prediction.

4.1 Pattern Memory

The prophet stores and retrieves access order in-
fomation in an inexact manner by using a nearest-
neighbor associative memory. Nearest-neighbor
models map data units with k elements to points in &-
dimensional space, defining similarity metrics in %
dimensions. Similar patterns are near each other in
this pattern space, and equivalence classes are de-
fined by hypersphere radius. Much work has been
done on architectures for associative memory [P87],
[K88], some of which provide the most biologically
plausible neural net models. Research by Anderson
and others has shown how such memories can be
constructed using elements that imitate the function-
ing of neurons in cerebral cortex [AR90], and evi-
dence suggests that cognition may indeed operate this
way.

Although we are exploring several designs for a
fast pattern memory, the following concepts are gen-
erally useful for the nearest-neighbor models:
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Pattern Memory
A pattern memory consists of ¢ unit patterns,
&g - & that are at least r distant in pattern space.

Unit Pattern

A unit pattern §=<0;...0 o i a list of UIDs that acts
as a partial, approximate representation of the access
pattern. Each unit pattern defines an equivalence
class - all observed sequences within the pattern-
space sphere having & at its center and radius r are
considered equivalent to §. Each unit pattern is di-
vided into a prefix of size o, and suffix of size @. The
prefix acts as a key for the suffix during prediction,
and a suffix usually contains a prefix of some other
unit pattermn, creating inexactly linked chains of unit
patterns to represent approximate sequences [see fig-
ure 4]. Also stored with each unit pattern are ratings
of its historical likelihood and predictive accuracy.

Distance:

The measure of distance between two unit pattems is
equal to the number of columnwise mismatched
UlDs.

-
- ~

Figure 3: One unit pattern, § and a set of sample
sequences, arranged according to increasing distance
from & The nearest neighbors of a sample S are the
unit patterns closest to S in pattemn space. All sam-
ples closer than r are considered equal to §

The current prophet implementation is described
in [PZ90). We recall two of its properties here:

¢ A non-repeating sequence of length !/ can be
stored in pattern memory using O(!) space, cre-
ating t=I/c unit patterns.

¢ All nearest neighbors of a sample f length & can
be found in O(k log(¢) + f ) where f is an ex-
pected number of neighbors.

4.2 Training Mode

After each session, the client saves a reference
trace for the context, then invokes the prophet’s train-
ing algorithm to process this training trace. The
training algorithm adapts the contents of pattern
memory over time so that only common unit patterns
are retained in pattern memory. Training reinforces
patterns that appear frequently, and represses se-
quences that appear sporadically, or which consist of
obsolete information. Unit patterns "compete” for
space in pattern memory over time based on their
ability to predict. This causes pattern memory to fo-
cus on regularly reoccuring phenomena and to evolve
an internal prototype, or generalization, of each ac-
cess pattern. The training algorithm employs an
"evolutionary” strategy consisting of two phases -
credit assignment and adaptation.

Credit Assignment

This phase assigns credit to unit patterns involved in
predicting the training trace. Some unit patterns ap-
pear infrequently. Updates to the database cause new
UIDs to appear and others to disappear, invalidating
other unit patterns. Also, the sampling boundaries of
unit patterns are initially arbitrary. Infrequent, obso-
lete, or poorly chosen samples produce unit pattems
that do not function well as predictors, but which
might occupy pattern memory, were it not for selec-
tion. Credit assignment proceeds by simulating a
prediction run on the training trace. Each time & con-
tributes to a prediction at point { in the training trace
I, its prediction accuracy and frequency ratings are
updated. Accuracy, §, is assessed for £ by counting
the number of UIDs in the suffix of & that appear
within a lookahead interval, usually Pmax’ ahead of
iin J, in any position. Note that this metgxod of rating
removes positional sensitivity from the rating. £ gets
the same Y rating for any of w! possible permuta-
tions of its suffix in the lookahead interval.

Adaptation

Each time an application runs, it reveals more of its
total access pattern. To recognize new parts of an ac-
cess pattemn, the training algorithm again scans the
training trace. Each portion is matched against the
pattern memory, and any sample that does not fall
within an existing equivalence class and which was
not predicted well during the selection phase is added
to pattern memory, timestamped, and rated. All unit
patterns are then ranked according to rating, and pat-
terns with the lowest ratings are pruned, until patten
memory fits within its allotted space.
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4.3 Prediction Mode

The task of the prediction algorithm is to quickly
recognize similarities between the current sequence
sample and prefixes of stored unit patterns, and recall
their associated suffixes. During a session, the sam-
pling window contents are given to the prophet’s
PREDICT routine on each reference. PREDICT
finds the nearest neighbors of the sample. One can
think of prediction as navigation through pattern
space. Training initially overlaps successive unit pat-
tems, and when re-training does not change this rela-
tionship, it generally causes consumption of one pre-
fetch request to generate a match with the next unit
pattern prefix. In this example, the sample efg would
matche the end of §;, strongly matching the prefix of
&,, and loosely linking to £,

¢, 2.

----- " AT §

:' 3 Q :ef 'y Ao T tee,, .;'.'3.

abddety— S ynopg
.\... 54 3

a — b strong match

- R » b weaker match
PREDICT constructs an ordered union of suffixes as
the prediction, IT. As it copies the suffix of each § to
I1, it considers the rating associated with each &,
places UIDs from the “best” & at the head of I, and
eliminates duplicates. Thus, UIDs of multiple unit
pattern suffixes are interleaved in the prediction out-
put, with UIDs from the best matches and predictors
appearing first. The following example shows the
sample matching unit pattems &, and £, and inter-
leaving suffixes into I. ’

SAMPLE: efg

& efghijk yx=.4
& exghgyz yx=.3
OUTPUT, IT: higjvkz

Note that the prophet uses a nearest-neighbor
model to find multiple matches for a sample because
Fido’s model of prediction permits parallel possibili-
ties. Since cache memory is cheaper than I/O time
[G87], Fido spends cache space to save /O, prefetch-

! based on conversations with CAD tool developers at Digital

ing altemate possibilities (limited to a constant factor)
simultaneously into P. For example, suppose that af-
ter sequence e f gh, an access to i is .4 likely, but an
access to q is .3 likely. Fido prefetches both i and q,
giving a combined hit probability of .7 - and "expects”
that one of i or q will go unused. MLP replacement
then quickly reclaims space wasted by erroneous pre-
fetches, evicting unused prefetches first.

5. Experiments:
A: Resilience to Noise

Other users make unpredictible updates to a data-
base, causing change in the set of UIDs being learned
and predicted. One measure of prediction performance
is the rate at which accuracy degrades as changes in-
creasingly disrupt pattem recognition. UID changes
appear as "noise" in the access sequence during predic-
tion. The update rate of OODB applications is slower
than for transaction processing. It is reasonable to ex-
pect’ that 10 or 20 percent of the objects may change
between sessions. Experiments with an early (also
nearest-neighbor) pattern memory [PZ90] revealed a
property of resilience to create/delete noise. One ex-
periment ran as follows: an access sequence simulator
produced a single sequence of 600 UIDs, which was
then used to train the prophet. The following process:

1. perform equal amounts of UID insert and deletions
in 2% increments at uniformly random points in the
original string, maintaining its length.

2. simulate prediction, without re-training, and plot
final guess rate and accuracy at each noise level.

was repeated until the original sequence contained
30% noise. We observed that accuracy,y, and guess
rate A, degraded linearly with increasing noise. A de-
graded more quickly than y, and these relative rates
could be varied by adjusting efficiency, v.
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B: Predictive Cache Simulation

This was encouraging - during the plateaus in learn-
ing, few new patterns were being found - indicating
recurrent sequences in the trace.

We have been experimenting with predictiviehousandsums

caching, using Fido as a framework for exploration.
Working with developers at Digital’s CAD/CAM
Technology Center in Chelmsford MA, we obtained
reference traces from a CAD tool that seemed to per-
form mostly sequential access - spending most of its
time waiting to fault through a graphics display list,
especially during invocation, when the whole design
is displayed. Two traces were obtained, each repre-
senting 5 to 10 minutes of using tool functions: invo-
cation, zoom in and out, select ICs, and setting fil-
ters that removed certain parts of the board display
(e.g. runs and junctions). In observing the display,
possibilities for distinct functional contexts suggested
themselves, but we treated the tool as a black box
generator, and did not establish different prediction
contexts. The circuit design data contained 100,000
objects, but only 10,000 or so could fit in the "usable
window" at once. The first trace, T1, had 73,767
UlIDs, and the second, T2, had 147,345. The first es-
sion was kept short, so we could notice the effect that
training for a first short session had on caching dur-
ing the next, longer session.

Using these traces, we simulated a predictive
cache of 500 elements handling faults from an LRU
cache of 1000 elements. One effect of this arrange-
ment is that all prophet computation occurs on LRU
faults - during time that would otherwise be spent on
I/O, thus there is no computation added to normal
LRU operation. We simulated this by training on the
first session’s fault sequence and predictively caching
the next session’s fault sequence, running T1 through
an 1000-element LRU cache to produce sequence
LRU-1000(T1). This fault sequence was about 21%
shorter than the original access trace, evincing re-use.
The LRU-1000(T1) sequence was then used to train,
and the resulting pattern memory used to predictively
cache the faults generated from trace T2. We meas-
ured faults accumulating, looking for the effects of
prefetching. A sampling window of size ¢=5 was
used, a unit pattern size of 250, and an overlap of 5.
The hypersphere equivalence radius used during
training was 4 - i.e., if 60% of the UIDs in two unit
patterns differed, they were considered distinct.

First, we measured the growth of pattern mem-
ory during training on the LRU-1000(T1) trace. Pat-
tern memory size is measured in UIDs, as are fault
quences. The result is shown below. The pattern
memory grew in steps, as the fault total grew linearly.
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304l
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10 4 pattern.mem sizs . . .

1fhousands 40 50 60 70 80
Net:::tlﬁ,1 ?avlél scg'rll};?'a?ed the faulting performance of the
LRU-1000/Fido combination to that of a strict LRU
cache of 2000 elements - which occupied about the
same space as would the LRU/Fido cache, account-
ing for space to store prophet pattern memory and the
prefetch cache C, as in the following diagram:

LRU-1000

VS. LRU-2000
Fido—-500

The T2 trace was run through an LRU simulation
of a 2000-element cache, producing LRU fault se-
quence LRU-2000(T2). We graphed the accumula-
tion of LRU-2000(T2) faults against LRU-
1000+Fido-500(T2) faults during the T2 session:

THE ATTACHED PAGE 12
PROVIDES THE 3 GRAPHS THAT

MUST BE SUPERIMPOSED HERE

This faulting behavior was as we had hoped.
LRU fault sequences that were learned from session
T1 reappeared and were predicted/prefetched, su-
pressing faults. This is particularly noticable during
the initialization sequence. After one short training
run, we had reduced total faults by about half. Places
where faults rise at the same rate as the LRU faults
indicate sequences not yet known to the prophet.
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6. Related Work

Previous work in adaptive databases ([N78],
[C76], [HC76]) in the mid 1970s explored means of
automatically configuring the physical and secon-
dary access structures of databases according to us-
age. These solutions involved running statistical
analysis procedures periodically to generate schema
reconfigurations or choose indices. The physical
structures did not adapt to changes in usage pattems
between reconfigurations, and data was unavailable
during reconfiguration. The statistical procedures re-
quired customization to each database schema, result-
ing in brittleness and lack of generality. The adaptive
mechanisms were not transparent to the database ad-
ministrator and attempted to optimize access over all
users rather than for each user individually.

Several advances in technology have combined
to renew possibilities for adaptive database work.
First, OODBs maintain object identity, which makes
leamning patterns for a set of data objects much easier.
Second, recent work in neural networks has produced
models for self-organizing systems which are less ad
hoc, more robust, and better understood than previ-
ously. These models of cognition (e.g. [AR90],
[K88]) provide a rich set of tools able to “make
sense” out of patterns, sometimes by forming internal
representations during learning [LF87]. In addition,
neural models are generally quite robust, adapting
and functioning well in the presence of noise. Also,
parallel hardware for associative memory [P87] pre-
sents the possibility of vastly increasing the size of
pattern memory that can be processed on-line. Much
more computational power is now available to per-
form computation for leamning. Lastly, these models
operate as adaptive black boxes, and so are inher-
ently non-invasive in observing system interactions.

To date, however, neural networks have found
limited practical application. One unifying goal of
our work is to mate appropriate learning technology
with various system components to exploit regulari-
ties in deterministic operation. In this endeavor, ap-
proximate solutions - such as those developed by
neural models - can have high payback.

Our use of associative memory for prediction is
not new. Kanerva [K88] describes a k-fold Memory
able to predict events generated by kth-order stochas-
tic processes. Kanerva’s method addresses memory
words by content, storing pattem &, at location &, ,
to represent order-1 transitions.

In the area of priority-based buffer managment,
[JCL90], [CD85], [ABG90] have used access pattern
information to manage buffers, but use it chiefly to
make replacement decisions for demand paging
schemes, not directly for prefetching. Typically,
qualitative "hints" about page priority are supplied,
not detailed information on expected order of access.

7. Conclusions

We began by noting an inherent conceptual con-
flict between data clustering and data sharing, and in-
troduced the concept of predictive caching to provide
better response time performance for conflicting but
regular access requirements. We then described the
design of a simple pattem memory for predicting se-
quences which has well-defined resource costs and
scaling properties, adapts to changes in access pattern
and data over time, and improves in prediction accu-
racy.

Fido’s current pattern memory handles noise and
inexact input well, and leams to predict simple ac-
cess pattemns. Yet sequential patterns present the
worst problems for traditional demand caching. For
example, the LRU fault trace for a given non-
repeating sequence equals that sequence. Such pat-
terns may be more common in data-intensive applica-
tions than one might expect. Chang and Katz [CK89]
observed that most access pattems in the CAD tools
they studied were "predictable”. Navigational access
predominates in design applications, occuring during
verification scans and during complex object expan-
sion. However, navigation is often performed in a
deterministic manner, resulting in bursts of sequential
access. A benchmark in [DM90] employs a "scan
query" that reads all complex objects in a set, using
breadth-first traversal to expand each complex object.
Presumably this benchmark would produce the same
sequential patterns over time by expanding complex
objects in the same way each time.

Predictive caching is a very promising technique.
In a broad sense, it automatically assimilates and iso-
lates information about context-specific access order
regularities, and exploits this information to avoid
I/O. Our early results indicate that the costs of main-
taining this access order information and retrieving it
on-line are worth the I/O saved. We plan to continue
this work, studying prediction optimality, using the
Fido framework to incorporate improvements to the
prophet, and by implanting Fido into a commercial
system - perhaps a virtual memory pager.

. 10
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