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Abstract—The caching of popular content in fast-access mem-
ory has long been a staple of performance optimisation. A
common assumption of cache protocols is that a cache miss
generates a roughly equal level of work for any item. In this
paper, we introduce a novel caching problem in which this as-
sumption does not hold, in the emerging domain of Object-Based
Media (OBM). Using OBM, a media experience is segmented
and decomposed into individual objects, layers, and assets. These
elements are then dynamically composed, during playback, by
each user according to their preferences. In this domain, cache
misses while generating a personalised media rendition will have
highly varying costs depending on how expensive it is to render
that segment of media. We analyse the challenges of caching
based on render cost variability for object-based media delivery
within self-adaptive systems, and present our work on a novel
approach to cost-based cache partitioning and policy selection
to reduce the total render cost. We present experimental results
for the challenge of determining element retention in a cache,
and identify a key challenge in determining retention rates via
frame rate, request pattern, and GPU utilisation, creating a
cost value per media object dependent on both velocity and
render complexity. We examine different cache compositions
using a single policy for uniform and non-uniform memory
per object, with comparison to a recently proposed multi-queue
implementation, studying the impact of partition adjustment. Our
results demonstrate that cost-informed cache partitions produce
a lower render cost for synthetic workload traces, lowered further
through partition adjustment, despite a higher miss rate.

I. INTRODUCTION

Traditional IP-based media delivery, from media streaming
services like Netflix or Disney+, uses segmented video content
with variable bitrates, using protocols such as DASH. This
works by taking a final produced media entity such as a TV
show, segmenting that media into (for example) 10-second
chunks, and encoding a set of different bitrates for each chunk
to support various client network characteristics. Each chunk
at each bitrate has a URI and is delivered over HTTP. Media
delivery in this paradigm is supported by content distribution
networks, which operate distribution nodes around the world,
such that clients pull data from their closest distribution node.
Those distribution nodes internally use in-memory caches,
which cache popular content to improve access times vs.
loading that content from secondary storage such as disks.

The optimisation of caching becomes an increasingly com-
plex problem operating at the data-centre scale handling

terabytes of data and user requests [1]. Effective use of a
cache’s content is defined through a hit ratio: a hit allows
previously-used data to be shared directly from fast mem-
ory with low-latency; whereas a miss forces an additional
expensive via retrieval from disk. A range of optimisation
techniques have been employed to aid in cache effectiveness;
these include enhancing throughput in application-specific low
latency workloads [2]; improving hit ratio of tiered caches
within distributed systems [3]; or reducing access time to in-
memory objects [4]; and approaches that are media-specific
[5], [6].

In this paper, we consider the emerging media delivery
paradigm of object-based media (OBM) and its affect on the
caching optimisation problem. OBM is aimed at providing
flexibility in how media experiences are composed, such that
users can customise what they are watching from a rich set of
permutations. To support this, OBM separates a media expe-
rience into its individual objects (such as actors or presenters,
backgrounds, camera angles, and overlays) and those objects
are combined in a customised way for each user in real-time.
Each frame of an OBM experience is therefore dynamically
derived and requires both a compute and presentation stage,
compared to the presentation-only delivery of traditional media
streams. A key enabling technology for OBM is the ability for
some users to offload the compute needed to render some or
all of a particular experience variant, in cases where their own
device is not computationally powerful enough to perform that
rendering in real-time. This may occur for high-demand media
objects such as customised synthetic presenters, interpolated
camera angles, or picture-in-picture scenarios where multiple
concurrent video decoders are needed. For content delivery
systems, this offload creates a compute-bound environment
rather than a primarily IO-bound one: in an on-demand way,
content-delivery systems must load content for requested of-
floaded media objects, render the frames of those objects to a
video format, and deliver that video to a client.

In this context, the cache equation for content delivery nodes
is fundamentally different. Typical systems for traditional
media use a simple recency- or frequency-based approach to
cache the portion of video segments which have most recently
or most frequently requested. These approaches assume that
the cost of a cache miss is roughly equal for any miss; in
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this context, maximising hit-rate is equivalent to minimising
overall cost. In OBM with compute offloading, the cost of
cache misses is highly variable depending on the rendering
complexity of the media objects that clients are requested a
remote render for. In this context, maximising overall hit-rate
is no longer equivalent with globally reduced cost; instead, we
have a far more nuanced optimisation landscape depending on
the cache-miss costs of individual entities.

In this paper we make the following contributions:
• We demonstrate that the use of cache hit-ratio as a metric

is insufficient in minimising compute cost in offloaded
OBM scenarios;

• We introduce a split cache design which supports the
division of total cache space into bins for different render
cost;

• We demonstrate that finding the ideal bin count, and per-
bin size, results in significant reductions in total compute
cost at offload sites;

• We show that finding the ideal bin-count and per-bin
size is a novel dynamic problem in need of real-time
adaptation or optimisation processes.

Our evaluation is conducted on a mixture of synthetic data,
which demonstrates the theoretical nature of the problem, and
on real-world traces from a large media streaming organisa-
tion. In future work we intend to examine the novel problem
we identify in this paper to develop potential solutions.

II. RELATED WORK

The improvement of caching has remained a prominent area
of research within computing systems, for small- and large-
scale deployments [1], [7]. Optimisations have been proposed
to widely varying aspects such as improving cache hit ratio
[7], lowering the latency of requests [8], reducing internal
communication overhead [9], or attack prevention [10]. Spe-
cific optimisations to caches are dependent on workloads and
properties which can be characterized by traffic pattern, time-
to-live (TTL), popularity distribution, and size distribution
[1]. The delivery of streamed media is one recent focus on
cache optimisation due to the difficulty in understanding both
the composition of the workload [5] and the unpredictable
characteristics of the workload, compared to the rendering of
large streams for an individual device [11]. Further difficulties
include creating accurate workload traces to show the effects
on a range of cache performance metrics such as hit rates
within a workload sequence [12].

In this section we focus on research that considers im-
provements via hit ratio and cache latency. Improvements
to caching effectiveness can lower client request latency [8],
lower computation through reuse [1], [13], [14], and through
reducing load in large systems we may gain lower operating
costs and energy usage [15].

One approach to improving caching is to take a server-
centric view and minimise load on a server. One metric to
improve caching is cache hit rate, which provides insight into
the effectiveness of a cache as objects from a workload are
periodically stored, creating a store of objects which are no

longer recomputed. However, there is difficulty in ensuring
the cached contents present are representative of the task
popularity and the resources saved from caching an object,
as minor changes in cache allocation can cause large changes
in the hit rate [7]. Previous work on the caching of media
content for end users has highlighted difficulties in attempting
to generalise object contents to explore uniformity, an even
more difficult task within OBM as requests are now split
among individual parts of a single frame rendered in different
locations [5].

Operations performed on content shared to a large user
pool also present unique challenges with caching, as a small
number of requests in a workload may create peaks in network
usage: 3% of requests can account for almost half of all data
downloaded in certain traces [11]. However, through a large
client pool, there may be an increase in the average temporal
locality of cached objects as requests may also be co-located to
maintain a higher percentage of sharing among client requests
[9], [16]. Evaluating a cache’s accuracy presents another layer
of difficulty as computing a hit ratio for varying object sizes
results in weak boundaries which may be unusable in closed
training data sets and a need for an approach to learning in
real-time to sporadically form a previously unseen composition
of tasks [17].

Adaptation of eviction methods within caching has previ-
ously been performed to minimise latency. This is due to
workloads changing over time and the deployment of resources
affecting the Time-To-Live of cached content. Previous ap-
proaches have explored synthesising data locality and miss
penalties to inform current decisions, relying on dynamically
switching policies to maintain a lower latency average [4].
Further optimisation may be made to individual policies for
workload-specific improvements, such as the generalisation of
caching policies in place to exploit handling of a specific
property to policy, for example, uniform cache object size
with LRU Generalisation. However, within OBM the task type
and cached data object may vary widely and a generalised
approach may not effectively cover all permutations found.

Learning approaches have been utilised to aid in the adap-
tation of a caching approach, with model-based approaches
relying on specific information available for all workloads
and synthesising metrics for decisions from the combina-
tion of historical run time information with job dependency
graphs [18]. Offline learning approaches, using purely machine
learning approaches have previously been explored, avoiding
the creation of heuristics from policies such as LRU and
introducing custom metrics for a specific element of cache
optimisation, for example forming a good decision metric from
ML-defined boundaries to enforce eviction [19].

III. APPROACH

End-user player software for traditional streamed media is
essentially comprised of a HTTP client with a single video
decoder instance, together with some bitrate adaptation logic
to choose between different bitrates of each video segment.
OBM-based experiences entail a much wider variety of render
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types: they may require multiple video decoders, animation
format renderers, image manipulation such as chroma-keying
to layer presenters over backgrounds, or more advanced neural
rendering transformations.

Our OBM player software is therefore composed of a suite
of rendering components, with one component for each type
of content that the player can render [20], [21]. Each of these
rendering components can run either on the user’s device,
or can be offloaded to edge or cloud resources to stream
rendered frames back to the client for presentation. Rendering
components that have been moved to server-side resources
may benefit from caching of rendered outputs, in cases where
multiple clients watching the same content have offloaded the
same rendering component to that server.

The server implementation is realised as a virtual ‘resource
container’ in Docker image. It receives client requests to
offload render tasks, processes those requests and delivers
rendered frames; it can adapt between different cache policies
depending on the mixture of tasks it is being asked to do,
from simple ones such as rendering subtitles to far more
intensive tasks such as rendering digital human presenters. For
the purpose of this paper our client-side is kept in a single,
manually-chosen composition, in which selected render tasks
are offloaded to selected remote sites, and our server-side
containers provide multiple caching policy implementations,
such as LRU and FIFO.

Fig. 1 shows a subset of the components used by the
resource container and client, focusing on the elements for
which relevant variation is available for our study (in reality
both systems are composed of over 30 components). Fig. 2
illustrates track offloading, as the client requests render tasks
while streaming an OBM media experience, whereas the
server-side allocates resources for those tasks and assigns them
to specific containers. This allows the client to dictate when
computation can be usefully offloaded and submitted as a task
to the wider OBM delivery system.

Our experiments in this paper use a flexible weather forecast
media experience as an example, which is composed of a
map, weather iconography, presenters, time-of-day imagery,
and subtitles, all of which have degrees of configurability.
Our resource container architecture is designed to allow many
client requests to be concurrently serviced to offload these
entities for remote rendering. It allows for there to be differing
compositions for the completion of differing tasks, such as ren-
dering subtitles or on-screen graphics. Each separate resource
container may then differentiate its chosen caching policy,
adding a layer of runtime-interchangeable components. Our
study in this paper considers three different render tasks: sub-
titles, an animated map, and an onscreen time-image graphic
overlay. We then use a range of different caching policies
alongside a variety of different client workloads to understand
caching characteristics.

A. Traditional Cache Replacement Policies

We use a set of traditional cache policies as a starting point,
and examine their characteristics when subjected to OBM

Fig. 1. A simplified overview of component composition for a Resource
Container, including caching policy components.

Fig. 2. Example architecture, with client tracks offloaded to a Resource
Container.

streams which have partially or fully offloaded compute. We
also introduce a customised cache policy in which render cost
(or more generally cache miss cost) can be explicitly modelled.

In traditional caching, the main differentiator of caching
algorithms is the eviction policy. A cache is configured to have
a maximum memory occupancy (such as 1GB), and every time
an element is requested the cache is checked to see if that
element is present. In an OBM context this cached entity is a
rendered time segment of one or more media objects, and a
cache miss results in a render of that segment at the server.
After a cache miss the result is then added to the cache. At the
point of adding an element to the cache, if the cache contains
a volume of data that would places it above its memory limit
when the new element is added, an eviction policy is triggered
to remove existing items from the cache until there is sufficient
space for the new item.

Our first traditional caching eviction policy is First-In-First-
Out (FIFO), which replaces the oldest cached entry within the
cache with the most recent element decision. Newly-added
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items are simply placed at one end of the cache list, and
evicted items are taken from other end. No changes in ordering
are made when a cache hit occurs (i.e., when a requested item
is found to be in the cache and is therefore used in a response
to a client request).

Our second policy is Least Recently Used (LRU), which
is a commonly-used approach for caching within distributed
systems and traditional media delivery [5]. In LRU, new items
are added at one end of the cache list, and evicted items
are taken from the other end, in a similar way to FIFO.
However, when a cache hit occurs, that element is moved
to the new-items end of the cache list, making it stay in
the cache for longer. This maintains a cache dependent on
temporal proximity, thereby relying on requests maintaining
close temporal proximity to gain effective cache use.

Our third cache replacement policy is Least Frequently
Used (LFU), which promotes elements to stay in the cache
longer depending on their popularity (rather than recency).
LFU uses a hit counter on each cached item to record its access
frequency; when a replacement decision is needed the content
with the lowest frequency count is removed. This creates a
caching policy which can potentially maintain a cache set
which covers a larger (but discontinuous) temporal window,
based on individual entity popularity.

Finally, we use an implementation of a recently-proposed
high-performance caching policy for traditional caching con-
texts, called S3-FIFO [22]. This policy divides the total cache
space into three separate FIFO queues, and moves items
between those queues depending on their access patterns.
When an item first enters the cache it is placed in a ‘small’
queue, and only if it is accessed a second time does it enter
the ‘main’ queue; items are preferentially retained in the main
queue if they have accessed multiple times up to a cap.

B. Cost Aware Caching Policies

Beyond the above traditional cache policies, we also in-
troduce novel policies which have the potential to account
for variable costs of cache misses. In contrast to the general
assumption in traditional caching that each cache miss has
a roughly equal cost (e.g. to read an element from a disk),
our novel cache policy supports per-item cache miss costings.
This may accommodate our OBM scenario in which rendering
different objects in offloaded compute may have very different
costs. We experiment with two different cost-aware policies.

Our first, called Render Cost First-in-First-Out (RC-FIFO),
demonstrates the effect a policy-level prioritisation of render
cost on throughput and hit ratio. In RC-FIFO, new items are
placed at the head of the cache list, and evicted items from
the tail. The order is changed upon insertion by a render cost
value, and placed at the head of the queue if equal to or greater
than the current head entry’s render cost, retaining high-cost
entries for a longer duration.

Our second policy divides the total cache space into differ-
ent cost bins, where each bin takes a portion of the available
storage space. Each bin is assigned a cost range, where all
items in that cache-miss-cost-range are placed into that bin.

In our current design, eviction decisions are made within the
specific bin that an item will be placed, such that each bin
has a fixed size. Alternative designs could consider adjusting
bin sizes dynamically to consider eviction across the entire
cache due to metrics such as average popularity. While each
bin could use its own eviction policy, for this paper we use
LRU within each bin.

C. Trace Generation

The evaluation of cache effectiveness requires a list (or
‘trace’) of client requests to be run against the cache, allowing
us to determine a hit ratio for that trace. We use two different
sources of traces for our experiments: a synthetic one and a
real-world one.

Our synthetic trace allows us to control variables of in-
terest, such as temporal similarity windows between groups
of clients, to examine basic caching characteristics. Our real-
world trace then allows us to examine how these characteristics
manifest in a more realistic setting.

Our synthetic trace is developed by using a real datacentre
with real clients, but controlling the rate and volume of client
startup to be within a particular distribution. From these clients
we record the ordering of offload requests that arrive at our
offload site. We then re-play this ordering of requests to
different cache implementations in isolation to measure their
effectiveness. The compute cost of each cache miss is based
on real render cost ratios between different media objects in
our flexible weather forecast presentation example.

Our real-world trace is a log of all client requests over a
number of days during 2024 from the BBC iPlayer streaming
service. Because this trace is extremely large (many terabytes),
we sub-sample the trace at a uniform rate for our experiments.

IV. EVALUATION

Our evaluation is conducted by playing our above traces
against various cache policies on a single node. We constrained
the maximum capacity of each cache implementation to be
2% of a given trace in bytes (this is comparable to related
work in this area [22]). In each experiment we measure hit
ratio, as in traditional caching, but also measure the total
cost of cache misses (the work needed to render frames
of an experience). Compared to traditional caching objective
functions, depending on the scenario, in OBM offloading it is
possible that a lower hit ratio actually yields a better score for
total cache miss cost, depending on which cached items are
missed or hit and their associated relative costs.

A. Synthetic Trace

We begin with our synthetic trace, which allows us to create
controlled conditions to examine particular effects.

In order to form our synthetic trace we initially deployed
one server node containing a single resource container 2,
and 5 client nodes each deploying 100 instances of a client.
Each client instance composes 3 offloaded media object tracks,
resulting in 1,500 concurrent user request streams to the media
server for the entirety of their requested viewing experience.
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Fig. 3. Synthetic Trace Cache Policy Comparison

We recorded the time of arrival, time entering the cache, track,
render time, and workload end time. This recorded sequence
of operations is stored as a trace which we can then re-play
in controlled conditions.

We subjected our traditional cache policies LRU, LFU,
FIFO, and S3-FIFO, and our two render-cost aware policies,
RC-FIFO and a cost-partitioned LRU, to the produced syn-
thetic trace. Performance was measured by recording the start
time for workload entries, the time spent within function calls
to get / put in the cache, and the time to render a cache miss.
The recorded metrics provide an end-to-end view of all cache
operations summarised as total runtime and hit ratio(%).

Starting with hit ratio, Fig. 3 shows traditional caches
alongside our RC-FIFO policy; the latter produces a large
disparity in hit ratio across all tracks, as the prioritisation of
resources to a single track starves other track operations. We
see an improvement of 10% for map track’s hit ratio vs. the
next best traditional cache policy, with a 20% reduction in
total hit rate. While the overall result here is undesirable, it
demonstrates that we can successfully bias hit ratios towards
particular media objects.

Building on this result we explore our render-cost-split
cache, in which different volumes of cache space are reserved
based on the cache-miss cost of different media objects to
render. Those with higher costs are given more space in the
cache, where cost was determined by the (expected client
requests per track * (experience length/frame rate)). The
caches and their hit ratios presented within Fig. 4 illustrate the
decline in total hit ratio for each policy, however, an increase
in hit ratio for a subset of tracks, within the presented results
time takes 19ms per operation and the allocated resources have
lowered the number of operations through reuse.

Our hit-ratio results only tell part of the story, however,
since cache miss costs vary per-request. Fig. 5 illustrates the
performance improvement gained through the partitioning of
caches by per-media-object cost; here we see a reduction in
total runtime of 2 seconds for our cache divided by bins
for different render costs. This is an initial step towards a
higher performance solution; a further 5% increment to the
initial partition returns a 14 second reduction in total runtime.

Fig. 4. Track Render Cost Split Cache

Fig. 5. Total Runtime for Unified and Partitioned Traditional Cache Policies

However, a further 5% step negates the performance gained,
forming a search space for total runtime reduction through the
adjustment of cache partitions.

B. BBC iPlayer: Real-world Trace

In this section, we present results using a sample from a
real-world CDN trace of the BBC iPlayer streaming service,
providing a more adversarial workload. In the previous section,
while our different media objects have different render costs in
the case of a cache miss, the popularity of those media objects
is uniform. In practice popularity would be dynamic over time,
depending on the behaviour of the current user population.

The unified cache presented within Fig. 6, highlights the
need for throughput as FIFO presents the lowest total runtime
of 943 seconds, as there are few operations when entering
the cache, with S3-FIFO, RC-FIFO, and LRU incurring 6-12
second increases in total runtime, as the operations performed
increase; further exacerbated by LFU reporting a 60 second
increase in total runtime as hit ratio for LFU is half of all
other policy implementations Fig. 7.

We present results for partitions formed through total cost
as well as, velocity cost which forms partitions from the
percentage of requests made from each device and not the time

5
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Fig. 6. Total runtime comparison for a unified, velocity/total cost three
partitions (3P), and fair/total cost thirteen partitions (13P) cache configuration

taken to perform a render operation on a cache miss. The first
partition, denoted as 3P, encompasses only requests made from
a TV, with 65257 requests and a render time / cache-miss-
cost of 6ms. The second partition, encompasses Voice(11382),
Mobile(11915), Phone(2848), and Tablet(838), for a total of
26,983 requests and a render time of 11ms. Finally, the third
partition encompasses requests made from, Unknown (4463),
Home Appliance(1), Smart Display(30), Desktop(8841), Set-
top box(2756), and Streamer(3503) devices, for a total of
19594 requests with a render time of 19ms. We present the
results for 3P within Fig. 6, where a increase in performance
time occurs upon partitioning the cache by 20 seconds. We see
a small reduction in total runtime for LRU and RC-FIFO of
1-2 seconds when adjusting partitions based on velocity, with
all other policies presenting increased total runtime.

The second partition configuration, referenced as 13P, forms
a configuration aiming to limit system performance as the
previously mentioned 13 device types are each allocated
resources dependent on their total/velocity cost. Fig. 6, 12P
fair highlights the effect of over partitioning the cache while
maintaining fairness for all tracks (resource allocation offers
minimum resources). We see total runtime increases by 40-44
seconds for LRU, FIFO, RC-FIFO, and S3-FIFO as available
resource result in further lowering hit ratio illustrated in
Fig. 7. Furthermore, upon removing a fairness requirement
to resource allocation, total runtime further increases and hit
ratio lowers as tracks with insufficient resources are forced to
render all requests.

In general these results highlight the adaptive systems
challenge in configuring a split cache to match the deployment
environment conditions: the number of bins, and the size
of each bin in a cost-aware cache, must be tuned to match
both the distribution of render-costs in the request pattern,
and the relative popularity of items of those render-costs
among the current user population. Achieving this balance may
demonstrate the kind of gain in lowering compute time that
we see in our synthetic trace results.

V. DISCUSSION

Our results provide an initial exploration into determining
cache memory allocation utilising per-track render cost, high-
lighting a workload with close temporal proximity between

Fig. 7. Hit ratio for unified, velocity/total cost three partitions (3P), and total
cost thirteen partitions (13P)

requests may offer an even further improvement to total
runtime. In addition, runtime is separable from hit ratio as a
recorded metric, as a lower hit ratio may still produce a lower
overall total runtime as expensive operations are provided
sufficient memory to increase a track’s hit ratio.

While the partitioning of cache resources determined by ren-
der cost provided a reduction in total runtime when presented
with our synthetic workload where requests were in close tem-
poral proximity. The search for a configuration which provides
an improvement for an adversarial workload, as presented with
our BBC CDN trace is challenging. This is due to the CDN
trace containing a greater number of elements with multiple
accesses across a larger temporal range, limiting the efficiency
of recency and frequency approaches. Furthermore, as these
sparsely accessed entries limit the number of one-hit wonders,
entries appearing only once, we see degrading performance in
higher-throughput FIFO implementations. In future we also
intend to experiment with a range of other cache size levels
(in addition to the 2% tried here) to better understand how
different cache sizes affect overall performance.

VI. CONCLUSION

We have introduced render-cost-driven caching for OBM
as a novel application domain and presented the challenges
for self-adaptive systems. We have also presented our initial
exploration of the design space for render cost caching through
a series of initial experiments around cache partitioning.
Within future work, we intend to examine the applicability of
previous theory from the self-adaptive community to further
reduce total runtime through finding the near optimal partition
count and size for the deployed environment in near/real-time
as information on a cache’s state expires in ms.
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