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Abstract

Real-world data pipelines are becoming more and more
reliant on data featurization. This has propelled develop-
ment of feature stores, systems that store featurized data
and serve them to ML models or other workloads down-
stream. While many production feature stores are ad-hoc,
a recently-developed, unified feature store called RALF has
facilitated research on end-to-end feature store optimiza-
tions. However, RALF currently assumes all features fit
in memory. This inhibits its ability to handle large work-
loads. Thus, a caching hierarchical model is necessary to
evict features and save to disk when necessary. Towards
this model, we introduce three new novel caching policy
”classes” specific to feature stores: cost-awareness, table-
level caching, and a combination of the two. For rapid
protoyping, we design and build a feature store simulator
that implements these policy classes and demonstrate that
these policy classes perform considerably better than naive
caching strategies like LRU and MRU. We also perform a
validation experiment to confirm that the simulator actually
mirrors RALF in terms of functionality and speed.

1. Introduction
Machine learning models have made a roaring comeback

in hundreds of different industries today. As data contin-
ues to be abundant and easier to collect, machine learning
prominence will continue to grow in the real-world. As a re-
sult, an entire industry has risen to create new tools to help
data scientists and machine learning engineers. Data featur-
ization is an integral part of the data science lifecycle. A
pressing challenge nowadays is ability to store features, es-
pecially complex ones that take tremendous compute power
or are derived from multiple data sources, to avoid unnec-
essary recomputation. One solution is the use of feature
stores. These systems store features derived from raw data
and serve them to downstream models for training and pre-
diction.

Modern machine learning pipelines constantly need to
adjust to real-time data, such as a recommendation model

of trending content or estimated wait time for a restaurant
order. Feature stores are useful here because they allow
for shared computation and optimizations. Various mod-
els can access a centralized feature store which allows for
easy feature access across various teams and use cases, both
for training and inference. Feature stores are meant to keep
features composable and extensible, while also keeping fea-
tures up to date with real-time data if needed.

Today’s feature stores are built atop various technolo-
gies. In this paper, we focus on RALF (Realtime, Accu-
racy & Latency-aware Featurization) [5, 20], a key-value
store written in Python and built on top of Ray [15]. Ray
provides a Python API for building distributed applications.
RALF uses a key-value store consisting of “Table” objects
that store data records.

RALF, in its current state, is extremely fast as a feature
store, but lacks efficient caching capabilities. RALF lever-
ages Ray’s object spilling to handle larger-than-memory
workloads using disk [19]. However, Ray spills to disk us-
ing a naive policy: when memory is full, then objects start
being spilled to disk. Thus, there is room for caching opti-
mizations that take advantage of unique feature store prop-
erties and access patterns.

To summarize, we make the following contributions:

• Three novel caching policy ”classes” that leverage
unique feature store traits to enhance existing, naive
caching strategies

• Three novel workloads that exemplify traditional fea-
ture store use-cases and their impact on memory

• An extensible and general-purpose feature store sim-
ulator that enables rapid caching prototyping for fea-
ture stores

2. Related Work
As the goal for our paper is to build a caching system for

feature stores, this section covers two important parts: exist-
ing feature store solutions and caching policies. By analyz-
ing both in more detail, we gather information about feature
store-specific qualities and also explore how we can develop
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caching policies related to them. We note that feature stores
are still a relatively new concept, so there has been limited
research literature on the subject, but there have been many
widescale open-source and enterprise projects.

2.1. Feature Stores

Aside from RALF, there are many feature stores avail-
able as open-source and enterprise projects.

Michelangelo. Uber’s Michelangelo machine learning plat-
form [11] paved the way for handling and scaling machine
learning workloads. Its goal was to be an ML-as-a-service
platform which automated different aspects of the machine
learning model lifecycle, which includes: managing data,
training, evaluating, and deploying models, and making and
monitoring predictions. While the idea of a scalable ma-
chine platform was not novel at the time in 2017 [14], Uber
was the first to introduce the notion of feature stores, which
would allow engineering teams to share, discover, and cu-
rate a set of features for their machine learning problems.
In essence, this was the birth of an integrated feature man-
agement solution and has since led to a wide array of new
solutions, including RALF.

Doordash. DoorDash’s feature store [12] is built on top
of Redis, but they encountered many problems with ineffi-
ciency and insufficient memory capacity. Thus, they sought
to perform several optimizations to boost read throughput as
they needed to perform several millions of feature lookups
per second. For example, they were able to reduce memory
footprint by using string hashes on feature names, protocol
buffers [4] for vector embeddings/integer lists, and Snappy
compression [6] for list compressions. Through these opti-
mizations, DoorDash was able to improve their read latency
from Redis by 40% and their overall feature store latency
by 15%. DoorDash’s optimization methodology shows that
exploiting knowledge of the internals of the feature store
allows for possible optimization, which is an idea we used
when devising our caching policies, such as cost-aware and
table-level caching.

Feast. Feast [2] is an open-source feature store that pro-
vides the ability to store and server features for model in-
ference and training. A big limitation to the system unlike
RALF, for example, is that Feast assumes feature transfor-
mations are done separately, which means users must pro-
vide external systems that perform feature computations.

Tecton. Tecton was founded by the team that created
the Uber Michelangelo platform with the goal to provide
enterprise-ready feature store and make machine learning
accessible to all companies. Tecton, unlike Feast, is actually
able to perform feature computations as part of the internal
feature store system. The Tecton feature store platform also
consists of several components, including the feature reg-
istry, serving, storage, transformations, and monitoring. [7]

Most of these components exist in RALF but it is currently
lacking monitoring which is meant to validate data for cor-
rectness and detect data drift.

Amazon SageMaker. Amazon’s SageMaker feature store
[1] exists as part of the Amazon AWS ecosystem. Sage-
Maker is able to ingest data from many sources and interac-
tive queryability of features through Amazon Athena. How-
ever, a big limitation of Amazon SageMaker is its reliance
on the AWS ecosystem, making external integrations much
more challenging.

2.2. Caching Policies

While, to our knowledge, there are no existing feature
store-specific caching policies, we can draw inspiration
from caching policies used in other domains, such as web
applications, to devise our caching schemes.

Hyperbolic caching [9] is a caching policy for web appli-
cations which is meant to tailor caching strategies specific
to the needs of the application (i.e. by including fetching
cost or expiration time). At the most basic level, hyperbolic
caching employs the following priority calculation formula:

pi =
ni

ti

where the priority pi for an item i in the cache is defined
by ni which represents the request count for i since it en-
tered the cache and ti which represents the time since it
entered the cache. Thus, hyperbolic caching allows a new
item’s priority to converge to its true popularity from an ini-
tially high estimate, when over time the priority of the item
will drop along a hyperbolic curve. Hyperbolic caching is
also extensible because the priority formula can be easily
adjusted to be expiration-aware or cost-aware.

The ability for hyperbolic caching to be expiration-aware
is useful because feature stores must consider feature fresh-
ness, especially in a real-time-context, and extending the
caching policy by making it expiration-aware allows the
policy to evict stale features easily.

Cost-awareness is also relevant in our paper because in
the feature store, we can factor in features’ computational
and disk costs and allow hyperbolic caching to change the
priority of items accordingly. Cost-awareness has also been
implemented in other ways such as the GreedyDual algo-
rithm [21], a primal-dual strategy for solving the problem of
making replacement decisions for items with non-uniform
costs, or an amortized constant-time implementation of this
algorithm, known as GD-Wheel [13].

3. Metrics of Success
The goal of this project is to devise and evaluate caching

policies that leverage feature store specific attributes. Thus,
our three metrics of success are:

2



• Minimize query latency. Our primary metric of suc-
cess is minimizing query latency. We define query la-
tency as the end-to-end time [17] it takes to fetch a
feature whether it is in the cache, on disk, or com-
puted on-the-fly. We will primarily experiment with
4 caching techniques: LRU, MRU, Hyperbolic, and
Random. These will be fitted with two different types
of optimizations: cost-aware and table-level caching.
Cost-aware caching will only evict a record from the
cache if it’s cheaper to recompute it than it is to save
and fetch it from disk. Table-level caching involves ex-
ploiting a specific attribute of feature stores such that
we can prefetch or pre-prioritize records within indi-
vidual tables that are accessed frequently to take ad-
vantage of table locality.

• Beat any and all naive caching policies. A naive
caching policy is one that does not account for feature
store-specific optimizations, such as any application-
agnostic caching strategy. We test our policies with
LRU, MRU, Hyperbolic, and Random.

• Get as close to memory-only performance as pos-
sible. Memory-only performance is impossible for
workloads larger than memory, but it provides a use-
ful lower-bound on caching performance. We aim to
create optimizations that get as close to memory-only
performance as possible.

4. Design Overview
4.1. Feature Store Simulator

4.1.1 Motivation

As the RALF codebase [5] was complex to navigate and
implementing our various caching policies (i.e. Hyperbolic
Caching) required breaking through several layers of ab-
straction, we opted to build a feature store simulator in or-
der to iterate faster. This simulator drastically cut down on
our development and iteration time and the results gathered
from it were able to reflect the actual feature store imple-
mentation, RALF. To prove this, we validate that our simu-
lator implementation and RALF align in section 4.1.7.

4.1.2 Tables

Like in RALF, out simulator also has the concept of tables
which keep track of records, but unlike real tables in RALF
which encapsulate an ”operation” that is applied to incom-
ing records, simulated tables instead track an ”operation la-
tency”, which is the expected time it would take to apply
the operation to a record. Each table has a simple interface
to insert records and query records based on a key. A table
also maintains a list of ”upstream tables” which are refer-
ences to other tables that contain records which the current

Figure 1. Downstream table records are derived from upstream
tables’ records.

table’s records depend on. An example of upstream depen-
dencies can be seen in Figure 1.

4.1.3 Records

Like in RALF, our simulator has the concept of records. We
note that we use the words ”records” and ”features” inter-
changeably throughout the paper. Records are composed as
key/value pairs where the key is a hashable object type, but
unlike in RALF where record values hold the actual data,
our simulator holds an intrinsic value of the record through
the composition of 3 elements:

1. Record size in number of bytes: Represents the
record’s size in number of bytes.

2. Concatenated version numbers of immediate up-
stream dependency records: As a record can have
multiple upstream dependencies, we keep track of each
upstream dependencies’ version number by concate-
nating them together. A record’s upstream dependen-
cies are all the records in upstream tables used in calcu-
lating that record. We denote records that do not have
upstream dependencies as raw features.

3. Record’s version number: The current record’s ver-
sion number which may be used for an upstream de-
pendency for a later downstream dependency.

4.1.4 Version Maintenance

A major distinction of our simulator from RALF is that fea-
tures are derived from upstream dependencies rather than
downstream dependencies. We decided to use this model
of upstream dependencies because only when a record is
queried do the record’s values and upstream records get
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updated. This allows us to execute queries and lazily up-
date upstream dependencies only when necessary as com-
pared to downstream-based models where upstream records
constantly propagate to downstream records which is more
computationally intensive.

To check whether an upstream record has been changed,
the downstream table can compare the upstream record’s
version with its cached version in the downstream record’s
version string. If it has changed, it needs to be recalcu-
lated, and then its version number is incremented by 1. If
an upstream record hasn’t been updated, then downstream
records that depend on it don’t have to wait for it to be re-
materialized. The query latency for that upstream record is
set to zero.

4.1.5 Memory Manager

The Memory Manager tracks the amount of memory taken
up by records inside of Tables. Record accesses must go
through the Memory Manager to simulate memory accesses
and disk accesses. The Memory Manager is composed in-
ternally of a memory cache, where its size is determined
during the memory manager instantiation, and disk, which
is simulated as a dictionary. To ensure that the latencies
from reading/writing to the cache and disk in the memory
manager reflect numbers used in real-life, we scaled our
numbers accordingly [3, 18].

Another important function the memory manager has is
to handle evictions. During instantiation, the memory man-
ager must also take in an eviction policy, which is defined
by a set of eviction policies that we discuss in more detail
in section 4.2.

To facilitate the processes outlined above that occur in
the memory manager, we define a simple get and set in-
terface:

• set(key, record): The responsibility of the
set method is to set a record in the memory manager.
As our memory manager uses write-back caching, a
record that needs to be placed in the memory man-
ager is only initially placed in the memory cache, after
which the eviction policy will determine the eviction
candidates. When candidates are evicted, the records
will then be saved to disk. An optimization we made
during the eviction process is that if the record is not a
raw feature and the associated operator latency for the
record < (disk read + write latency), then it is more
optimal to recalculate the record on-the-fly rather than
incur the more expensive cost of disk reading and writ-
ing. We must save raw features to disk because there is
no chance of recalculating them once they are evicted
from the memory cache.

• get(key): The responsibility of the get method

is to retrieve a record by key from the memory man-
ager. If the record exists in the memory cache, then
the record is returned from the memory manager and
the computation is finished. However, if the record
does not exist, then a disk fetch is necessary. Once
the record is fetched from disk, it is saved to the mem-
ory cache and eviction candidates are determined and
evicted based on the eviction policy. One caveat for the
fetch from disk is that the record might not actually ex-
ist, because of our cost-aware optimization described
above. To resolve this issue, it is up to the caller of
the memory manager (i.e. the Tables) to recalculate
the record. For example the calculation is performed
in the Table’s query method.

4.1.6 Limitations

Our simulator has three limitations:

1. Single-threaded : The current system currently as-
sumes that all code runs in a single-threaded fashion,
and does not make use of concurrency from libraries
such as Ray and asyncio which are used extensively in
RALF. We opted to keep our system single-threaded to
simplify debugging and reduce the overall complexity
especially when dealing with caching and evictions in
a multi-threaded context.

2. Timestamps: The current implementation has no no-
tion of time. Time is ill-defined in the simulator be-
cause there’s no concurrency, so although different
queries could execute concurrently in reality, the sim-
ulator can’t track this. Instead, we use the concept of
timesteps measured in seconds in our results.

3. Fragmentation: The current system assumes frag-
mentation does not exist. It doesn’t map records to
specific places in memory. Instead, the simulator just
deals with total memory used.

4.1.7 Validation

In order to confirm that our simulator mirrors the perfor-
mance and functionalities of RALF, we performed a valida-
tion experiment. As we can see in Figure 2, our validation
involved creating a chain of operations in both the simula-
tor and RALF. Each circle represents a table and has some
operator attached to it. The source table operator generates
records and adds them to the memory manager. Records
belonging to the Long Latency Operator are written to disk
while records belonging to the Short Latency Operator are
only written to disk without the cost-aware optimization.

As RALF is downstream-based while the simulator is
upstream-based, insertions in the simulator and queries in
RALF have a similar impact on memory, as do queries in the
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RALF (sec) Simulator (sec)
Optimized (O) 0.066 0.711

Non-Optimized (NO) 0.165 1.889
Ratio (O/NO) 2.486 2.658

Table 1. This table contains simulator validation results. Both
RALF and the simulator ran a valdiation workload using naive
LRU and cost-aware LRU, and the mean latencies are displayed in
seconds. The mean latency ratio’s approximate difference of only
roughly 7% provides evidence of the simulator’s accuracy.

simulator and insertions in RALF. By validating the simula-
tor on a sequential feature store, the impact of caching can
be studied by comparing the queries in the simulator with
the insertions in RALF (and vice versa) since both pairs of
actions take the same path in memory. In order to run this
workload, RALF was equipped with a custom application-
level memory manager that enforced carefully timed disk
reads and disk writes upon eviction. The application-level
memory manager was used in tandem with operators that
would access the disk whenever requested to do so by the
memory manager, allowing the feature store to measure la-
tency end-to-end. RALF was also tuned to perform disk
accesses that took roughly the same amount of time as the
simulated accesses from the simulator.

In the simulator, the source table takes in record inser-
tions. However, at this stage, the source table records are
not immediately propagated downstream to the short la-
tency operation and long latency operation tables, as the
downstream output table has not queried from these 2 ta-
bles yet; however, the 2 tables are aware of their upstream
tables’ existence. After the output table queries for records,
the upstream table operations are then performed and any
calculations that need to be done for the records are per-
formed and propagated from the intermediate short latency
operation and long latency operation tables down to the out-
put table.

In RALF’s validation layout, the source table generates
records which propagate through the operators until they
reaches the writer table operator, which writes the amount
of time taken to compute individual feature records from
end-to-end (Source Table → Long Latency Operation →
Short Latency Operation → Output Table).

The validation workload consists of 100 records that
were inserted into the feature store. The records were ac-
cessed 1000 times according to a random Gaussian distribu-
tion. The feature store used an LRU caching strategy under
both the naive and the cost-aware policy classes. As seen in
Table 1, RALF sees a 2.658x speedup with the optimization
while the simulator sees a 2.486x speedup (roughly a 7%
difference). The difference likely arose from the limitations
of the simulator, including primarily a lack of concurrency.

Figure 2. Simulator vs. RALF Validation

4.2. Caching Policies

Since feature stores generally glue together disparate re-
sources, such as streaming, batch, caching, and storage sys-
tems [20], they usually rely on the caching policies of the
underlying architecture. Each of these resources often have
their own caching policies which in turn lack visibility into
other caching policies. Tuning and coordinating these poli-
cies requires burdensome engineering efforts across mul-
tiple third-party tech stacks. As a result, industry efforts
have instead focused on higher abstraction levels such as re-
source selection and feature management [8, 12]. However,
RALF’s unified nature opens the possibility of end-to-end
caching policies that can leverage the connectivity between
different parts of the feature store when making caching de-
cisions. Such decisions can also leverage unique feature
store properties.

Generally, existing caching policies take advantage of
access patterns heuristics such as temporal locality when
deciding which pages to evict or keep in memory. These
policies, such as LRU or MRU, remain broadly useful for
feature stores because the same general principles apply.
Temporal locality, for instance, still applies to feature stores
– in many workloads, data records that are accessed are
likely to be accessed again soon. Given this observation,
much of the policy exploration in this paper focuses on de-
veloping policy “classes” that are well-suited for feature
stores specifically. These policy classes focus on deliver-
ing feature store-wide optimizations and can be attached
to more common eviction policies such as LRU. Such an
abstraction pattern provides the best of both worlds: fea-
ture store operators can improve performance using intu-
itive and commonly-known policies well-suited to their par-
ticular workloads while also getting feature store-specific
modifications that improve the naive caching policies.

4.2.1 Naive Policies

The naive policies that are further optimized in this paper
include:
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• Least Recently Used (LRU): This policy is standard
LRU implemented with a min-heap.

• Most Recently Used (MRU): This policy is standard
MRU implemented with a min-heap.

• Random: This policy chooses records randomly to
evict from the cache.

• Hyperbolic Caching: This policy tracks a function
composed of a record’s cumulative accesses and its
time in memory. It guards against bursty workloads,
which tend to elevate record frequencies to high lev-
els in short periods of time. This calcifies stale
records in memory under purely frequency-based evic-
tion schemes since their high frequencies shield them
from eviction. Gradually reducing priority over time
ensures that once the bursty workload ends, its records
will face priority decay and eventually get evicted.

4.2.2 Feature Store Observations

The feature store simulator’s table-based model allows end-
to-end caching optimizations that take advantage of op-
erator knowledge about table operations. This paper ex-
plores three key observations about feature stores specifi-
cally. First, cost-awareness. Since feature stores rely on
well-defined operations that are chained together and en-
capsulated in tables, feature store users can determine ta-
ble latencies intuitively, empirically, or even heuristically
by defining algorithms that learn the latencies by collecting
data on tables in an active feature store. This can be coupled
with structural details about a particular feature store setup,
such as proximity in the store to a queryable table, to make
more informed eviction decisions.

Second, access ripples. In a unified feature store, the ta-
ble network generates an implicit secondary access pattern
on top of the user’s own access pattern. Since tables are
connected in a fixed directed acyclic graph (DAG), inser-
tions and queries in the store cause “rippled” accesses as
downstream and upstream tables are queried and updated in
response to the user’s original request. Since these access
ripples touch records across different tables in the feature
store, a single user request can have a widespread effect on
the memory manager.

Third, table locality. Feature stores can be designed to
promote access patterns that repeatedly touch a small ra-
dius of tables. As an example, consider a per-user feature
store with a single, queryable layer of tables at the end of the
store. The tables consist of per-user data where every user
gets their own table with data specifically prepared for that
user. In such a design, whenever a user accesses the applica-
tion, they’ll make frequent requests to only their own table.
More generally, organizing feature stores to promote table

locality allows optimizations to leverage these access pat-
terns by prefetching or pre-prioritizing data that will likely
be accessed soon.

4.2.3 Cost-Aware Caching

Storing features on disk requires at least one disk write and
one disk read for such features to become useful once again.
By gauging the compute cost to recalculate a feature, the
feature store can instead decide whether to persist the fea-
ture in the first place. If it doesn’t persist the feature, then
when the feature is requested once again in the future, the
store needs to recalculate its value from upstream depen-
dencies and reproduce the feature. This strategy helps by-
pass disk for operations (e.g. averages, sums, etc.) that
are quick to complete, and rematerialization in general has
proven successful in recent dataflow systems [10]. How-
ever, this optimization comes with certain drawbacks.

In particular, time-aggregating features may suffer ac-
curacy loss. For instance, consider a feature store with a
table, request stats, that tracks average time between
user requests for certain features. Each time a user makes
a request that crosses the request stats table, the ta-
ble can use the current request’s timestamp and the previ-
ous request’s timestamp to modify a running average of the
request intervals. The arithmetic operations (addition, sub-
traction, and averaging) that this table performs have low
latency, which makes it a strong candidate for recalculat-
ing records rather than saving them. However, a recalcu-
lated value will lack historical data, degrading accuracy. A
straightforward workaround is disabling this optimization
for tables that track historical data; however, future work
may also bound the tolerable accuracy loss to determine
whether a feature can be evicted without persistence.

However, cost-aware caching allows low-latency tables
to operate without relying on disk. Furthermore, cost-aware
caching is well-suited to feature stores because these sys-
tems rely on real-time data. Raw features that are frequently
updated or collected induce staleness in downstream fea-
tures that depend upon them. Even worse, these real time
updates can invalidate downstream features which provide
an expired view over them. Forcing downstream tables to
persist data even when some upstream features frequently
change effectively makes disk accesses an expensive no-op.
Cost-aware caching eliminates these no-ops and improves
performance (see the “Results” in section 6 for more infor-
mation).

4.2.4 Table-Level Caching

A feature store’s connectivity propagates access across dif-
ferent tables. While the user may be making frequent re-
quests to only a limited number of tables, these table’s de-
pendencies will also be queried, causing a propagation ef-
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Figure 3. This is a sample feature store layout. The circles rep-
resent tables that receive records from upstream dependencies (ta-
bles connected to their left) and send records to downstream de-
pendencies (tables connected to their right). The light blue circles
are tables that cannot be queried; whereas, the light yellow circles
are tables that can be queried. Notice that the intermediate tables
i12 and i21 can both be queried by a client despite no direct arrow
between them and the client in the diagram. In a generic feature
store, these circles may instead represent operators in entirely dis-
parate systems (e.g. streaming systems like Flink or databases like
RocksDB). In a unified store like RALF, however, these circles
are each independent tables that remain in a single system. This
unification provides tables awareness of one another, undivided by
system boundaries that may impede ad-hoc feature stores.

fect on the tables that are touched. Such a propagation will
also trigger widespread changes in the caching layer.

For example, in Figure 3, a client querying downstream
feature d1 will have a limited effect on the caching layers
since d1 has limited dependencies: i22, i13, f1, and f4.
However, a client querying downstream feature d2 will have
an extraordinary effect on the caching layer since every ta-
ble (except the other downstream tables) is then accessed.

Recall that feature stores can be organized to provide ta-
ble locality where access patterns touch a small radius of
tables frequently. Therefore, the feature store can antici-
pate which tables will likely be accessed based on accesses
to a relatively small group of tables. This motivates table-
level caching, which prefetches or pre-prioritizes all records
within frequently-accessed tables to take advantage of ta-
ble locality. Addiionally, the memory manager can pre-
fetch/pre-prioritize upstream dependencies for these tables
as well, allowing records to be quickly accessed and remain
fresh.

Another intuitive motivation for this table-level caching
is to consider what happens when some upstream depen-
dencies are persisted on disk while others are kept in mem-
ory. When a downstream record is accessed, it must con-
firm that its upstream dependencies are up to date; if they
are not, the downstream record must be recalculated with
fresh upstream data. If even some upstream dependencies
are persisted to disk, then although the downstream record
may be kept in memory, accessing it still requires accessing
disk. In other words, a true memory access for a record also

requires its upstream dependencies to remain in memory.

4.2.5 Lazy Evaluation

One other caching pseudo-optimization follows directly
from the simulator design. Unlike RALF, the simulator is
an upstream-based system. In other words, it lazily eval-
uates downstream features when requested instead of ea-
gerly evaluating all downstream features as soon as a raw
feature is updated. Eager evaluation has detrimental ef-
fects on caching because insertions flood the cache with all
the records used to update downstream features, regardless
of their usage. Under workloads with frequently updated
raw features, the cache will frequently be flooded with new
records making it difficult to reason about and build reliable
caching optimizations.

However, one drawback of lazy evaluation is that down-
stream features are computed at query time, rather than at
insertion time, causing increased latency for the client when
querying records. This “cold-start” effect is somewhat miti-
gated by the other optimizations (cost-awareness and table-
level caching). It’s also important to note that the decision
between lazy evaluation and eager evaluation is not neces-
sarily binary. For instance, one possible improvement to
the table-level caching policy is to not only pre-prioritize
records but also eagerly evaluate records that may soon be
queried. That way, a cold start would be noticed when ac-
cessing a table for the first time, but afterwards, that table’s
records should be quick to access. See “Future Work” in
Section 7 for more information.

4.2.6 Caching Policy Classes

This paper proposes the following three novel caching pol-
icy classes based on the prior subsections’ observations and
optimizations:

• Cost-Aware Caching: this policy class requires the
feature store user to determine a “table latency.” The
table latency is a float indicating the average time it
takes for the table to calculate a new record value
given upstream values. When a record must be
evicted, the memory manager checks table latency <
disk read + write latency). If the table latency is lower,
the memory manager will evict the record without per-
sisting it, and when the record is accessed again, the
record will be recalculated and then stored in memory.

• Table-Level Caching: this policy class updates all
record priorities in a table when any record in that table
is accessed. For example, under an LRU policy, this
policy class will update the priorities for all records in
an accessed table to be the most recently used. Since
the feature store implicitly accesses upstream tables as
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well, this implementation also implicitly updates all
upstream table record priorities for an accessed table,
taking advantage of the access ripple pattern described
in section 4.2.2. It’s important to note that this paper’s
implementation of table-level caching only updates all
corresponding table records that are already in mem-
ory. It doesn’t eagerly prefetch additional records into
memory to avoid burdensome disk read/write costs in
the single-threaded simulator.

• Cost-Aware and Table-Level Caching: This policy
class uses both cost-aware and table-level caching si-
multaneously. It is particularly well-suited to feature
store layouts with low-latency tables and access pat-
terns that express table locality. However, its perfor-
mance can suffer when either of these conditions are
not met since the corresponding optimizations become
detrimental to the feature store’s performance.

5. Workloads
We use novel workloads to test our caching policies.
First, a Correctness workload verifies that the caching

system works. This workload “stress tests” the system and
simulator by spawning roughly 10,000 unconnected tables
and executing tens of thousands of queries on them.

Then, three novel workloads were developed to actually
evaluate caching strategies.

1. Real-Time Predictions : This is a generic workload
based on a real-life, real-time workload at a companies
like DoorDash or Uber.

2. Trending Recommendations: This is a variation of
the above workload minus a “real-time” aspect, so this
workload represents features that need not be real-time
or updated constantly.

3. Fraud Detection: - This workload has an access pat-
tern that emphasizes table-level locality: the same ta-
bles are accessed multiple times in short bursts.

5.1. Correctness Workload

The correctness workload contains independent tables
with arbitrary numbers of records. The tables are uncon-
nected. Additionally, tables are not queried multiple times,
rendering caching ineffective. This test gauges simulator
correctness by confirming that caching optimizations have
negligible effect. However, since this workload produces
no interesting or insightful results, its data is excluded from
this paper.

5.2. Real-Time Predictions Workload

The Real-Time Predictions workload replicates a real-
life, real-time workload at companies like Doordash [12].

The model workload estimates the average time needed to
arrive at a location based on a moving average of the past
five days. While the simulated logic simplifies the real pro-
cess’s inner details, it accurately preserves the workload’s
effects on the cache. The workload generates 14 tables with
each table’s key corresponding to a date in the last 14 days.
Then, records of “trip data” are inserted into each table, in-
cluding details such as order time, delivery time, and more.
Lastly, each table depends on (up to) the previous five days
of data, which means that each table has up to five upstream
tables. Then, all tables are queried sequentially from the be-
ginning of the month to the end, simulating the workload’s
real-time nature of real-time, where anything earlier than
the last 5 days of a query are never again accessed again.

5.3. Trending Recommendations Workload

Our Trending Recommendations workload is similar to
the above workload, but it lacks the “real-time” aspect. In
other words, all 14 days of data within the table may be
queried in the workload at any point, unlike the linear ac-
cesses of the previous workload. This workload’s model is
“trending recommendations,” such as Netflix’s recommen-
dations system which is updated offline and only periodi-
cally [8]. Like before, the workload creates 14 tables, each
corresponding to 14 dates. Each table also gets data records
and an arbitrary number of upstream tables. To choose ar-
bitrarily, a random integer between 1 to 5 determines the
number of previous upstream tables for the current table.
Lastly, these tables are accessed in a random order.

5.4. Fraud Detection Workload

The fraud detection workload’s main goal is simulating
table locality by accessing the same table multiple times in
a row. This is a common business use case where a fraud
detection algorithm may need to access a user’s table or a
transaction table repeatedly in real-time to make risk assess-
ments. Low-latency, real-time machine learning has deliv-
ered greater utility and business value compared to tradi-
tional use cases like post-hoc analytics [16]. Towards this
aim, this workload creates multiple tables and fills them up
with data, like in the previous workload examples. How-
ever, the query pattern differs. Each table is queried 5 times
before the workload moves to the next table access.

6. Evaluation

Our experiments were run on a single AWS EC2 instance
running Ubuntu 20.04 LTS on an Intel Xeon CPU E5-2676
v3 @ 2.40GHz. The instance was provisioned with 8 GiB
of RAM and 128 GiB Standard SSD GP2 storage.

Using the three workloads described above, we tested
our caching policies, combined with a caching strategy
(LRU, MRU, Hyperbolic, Random), for each one. Each
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Figure 4. Each workload was run with 20 combinations. Each
of the five caching policies was run with 4 caching strategies, for
a total of 20. The Naive caching policy served as an upper-bound
benchmark (always want to beat), while the Memory-only caching
policy served as a lower-bound benchmark (get as close to as pos-
sible).

workload was run with a total of 20 specific caching policy-
strategy combinations (Figure 4). For each workload, we
have two benchmarks to beat: Naive and Memory-Only.
The Naive pass had none of our caching policies applied,
while the Memory-Only pass was given an extremely high
level of memory so as all objects were able to fit in memory.

The Naive benchmark is the performance of a standard
caching strategy (LRU, MRU, Hyperbolic, Random) with-
out any specific optimizations applied. This is the default
performance of RALF currently when spilling to disk. It is
the upper bound of our metrics of success, and the goal is to
always beat this.

The Memory-Only benchmark measures the perfor-
mance of our workloads if all the data within the workloads
fit into memory. This means that there is no writing to disk
and as a result, no caching implementation needed. It is the
lower bound of our metrics of success: we want to get as
close to this number as possible.

6.1. Evaluating Caching Policy Classes

In our simulator, we found that on average, the caching
policy class ”Table-Level + Cost-Aware” performed best. It
consistently outperformed every other class, including the
Naive benchmark, for every workload. However, as we
delve deeper into the data and separate each class within
each workload, we find that the combination of LRU and
“Table-Level + Cost-Aware” performs the best for every use
case. In general, LRU fits well with most access patterns,
especially for feature stores, where specific sets of data may
be accessed commonly. However, naive LRU is not always
the best option, such as in the Real-Time Predictions work-
load where it actually performs the worst. With our opti-

Figure 5. Average R/W Latency for Workloads Per Caching
Policy. Naive (red) is the upper-bound benchmark and Memory-
Only (blue) is the lower-bound benchmark. The Cost-Aware +
Table-Level caching policy performs best across all workloads.

Figure 6. Trending Recommendations Workload Caching
Performance. Naive (red) is the upper-bound benchmark and
Memory-Only (blue) is the lower-bound benchmark.

mizations, we are able to get LRU to perform nearly as well
as our memory-only benchmark, usually within a 5% range.
MRU came in at a close second, while hyperbolic and ran-
dom were too inconsistent to be useful here.

We also notice that hyperbolic caching with a table-
level + cost-aware combined caching policy performs sig-
nificantly worse than its peers in the same policy. This is
evident in each workload-specific graph and pulls the aver-
age up within Figure 5.

In regards to other policies, we see that our cost-aware
policy still delivers performance gains over a naive pol-
icy. Generally, table-level policies perform better than cost-
aware in almost all cases.
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Figure 7. Real-Time Predictions Workload Caching Perfor-
mance. Naive (red) is the upper-bound benchmark and Memory-
Only (blue) is the lower-bound benchmark.

Figure 8. Fraud Detection Workload Caching Performance.
Naive (red) is the upper-bound benchmark and Memory-Only
(blue) is the lower-bound benchmark.

However, we can conclude that our combined cost-aware
and table-level caching policy delivers the most significant
performance gains to any caching strategies implemented.

7. Future Work

This paper motivates a few areas for future work.
First and foremost: accuracy-aware caching. Developing
caching strategies that are accuracy-aware could allow for
novel caching decisions based on raw feature update fre-
quency as well as staleness tolerance. Hyperbolic caching
in particular provides a promising path to implementing an
accuracy-based caching system since the accuracy heuristic
can substitute previous work that involved cost heuristics.

Another path forward could be developing measures of ac-
curacy to allow the feature store user to bound the accuracy
degradation that they’re willing to tolerate.

Another area of future work is exploring the gradient be-
tween eager evaluation and lazy evaluation. This paper’s
simulator relies on lazy evaluation to allow feature store
users and caching policy designers to better reason about
the effects of caching on feature stores. Completely eager
evaluation can have widespread but unwanted effects on the
cache upon inserts. However, completely lazy evaluation
means latency is offloaded to query-time, which degrades
the user experience. Instead, one possible middle-ground is
prefetching with table-level caching. For instance, if a ta-
ble’s record is queried, the feature store can then pre-query
records from that table (as well as upstream dependencies),
which would allow the cache to take advantage of table-
level locality while also removing some query-time latency.
Any performance degradation can then be contained in a
temporary “cold-start.”

8. Conclusion
In this paper, we demonstrate that taking a combined

cost-aware and table-level caching approach can lead to
significant performance improvements compared to naive
caching strategies within feature stores. To expedite itera-
tion, we develop a caching simulator of RALF to discover
optimization opportunities. With such optimizations, we
hope future feature stores offer reduced latency guarantees.

We also develop workloads motivated by real-world use
cases and query patterns to test caching policy classes and
caching strategies. On the workloads, we also find that us-
ing an LRU caching strategy combined with a cost-aware
approach with feature store table optimizations proves to be
the most performant caching option explored.

Furthermore, we hope that our simulator proves useful
in future work on RALF in order to save iteration time and
compute power compared to running a real workload. We
look forward to our work being used within RALF to not
only develop an automated cache hierarchy, but also to im-
prove upon naive caching policies. While there isn’t much
research yet on feature store caching, we are excited to see
the space gain traction.
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