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Abstract

Deep learning-based recommendation systems are critical for many
online platforms, but face challenges in managing large embed-
ding tables while meeting strict latency requirements. This paper
presents Rabbitail, a novel inference scheduler designed for recom-
mendation systems utilizing hierarchical DRAM-SSD embedding
storage. Rabbitail employs a cache-aware approach, classifying in-
ferences into hit and miss categories based on embedding cache
lookup results. This allows hit inferences to proceed immediately
to top MLPs without waiting for slower SSD retrievals. For miss
inferences, Rabbitail implements an on-demand embedding lookup
strategy and a reordering mechanism to optimize SSD retrieval.
Additionally, it uses dedicated resource allocation for prompt pro-
cessing of miss queue MLP tasks and employs batch splitting to
manage maximum execution times. Evaluations using real-world
datasets demonstrate that Rabbitail significantly reduces end-to-
end model inference tail latency, achieving a 53.7% lower p99 tail
latency compared to the baseline while maintaining throughput.
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Figure 1: High-level overview of two typical deep learning
recommendation model architectures.

1 Introduction

Deep learning-based recommender systems are widely employed
by online platforms to deliver personalized recommendations. Mod-
ern deep learning recommendation models (DLRMs) employ em-
bedding tables to transform sparse categorical features into dense
embeddings. To ensure quick responses to user queries, these tables
are typically kept in memory, as depicted in Figure 1(a). Yet, with the
expansion of production-scale recommender systems, the size of em-
bedding tables has surged to terabytes. Storing such vast amounts
of data entirely in physical memory is impractical [2, 7, 10, 11, 13].
Recent studies propose a hierarchical storage system that combines
SSDs with large capacities and a smaller DRAM cache for embed-
dings [4, 9, 12, 14], as shown in Figure 1(b)). While this solution
offers ample storage capacity and good average performance, it
also presents the challenge of managing increased tail latency for
large-scale recommender systems.

In recommender systems that use a hierarchical DRAM em-
bedding cache and SSD embedding storage, tail latency can be
particularly challenging due to the “all-or-nothing” nature of in-
ference operations and the significant difference in access speeds
between DRAM cache and SSD storage. To optimize processing
and reduce variability in request processing times, existing rec-
ommender systems use batching techniques to process multiple
requests simultaneously, leveraging parallelism and locality across
batched inputs to enhance system throughput and achieve high
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resource utilization [5, 6]. However, batching implies that infer-
ence requests are not considered complete until all queries within
a batch are processed due to the top MLP (multilayer perceptron)
layer’s dependency on lower layers. Thus, if one inference in a
batch fails to hit the embedding cache and needs to access SSD
embeddings, the processing time for the rest of the batch may be
delayed. Furthermore, as each inference query usually involves
several embedding table lookups, if any of these lookups need to
access SSD instead of DRAM, it can cause significant latency and
block the subsequent top MLP for the entire batch.

To address this issue, we propose Rabbitail!, a tail latency-aware
inference scheduler for large-scale recommender systems with
hierarchical DRAM embedding cache and SSD embedding storage.
While we acknowledge that completely eradicating variability in
tail latency is unfeasible due to the vast scale and intricacy of con-
temporary recommendation services, our objective remains to min-
imize the extent of latency distribution tails for recommendation
inferences. The key insight of Rabbitail is that inferences should be
treated differently based on their embedding cache lookup results
to mitigate tail latency issues. Accordingly, the inference dispatcher
utilizes the embedding vector and block caches to categorize rec-
ommendation inferences into two distinct groups: those with cache
hits and those with misses. Inferences that hit the cache are imme-
diately processed by the top MLP layer. Conversely, inferences that
miss necessitate an SSD lookup to retrieve missing embeddings
before they can proceed further. Rabbitail employs an on-demand
embedding table lookup strategy and a tail latency-aware reorder-
ing mechanism to optimize the retrieval process of SSD embeddings.
These strategies aim to decrease long-tail latency by prioritizing
and grouping miss inferences based on the number of embeddings
they require and the waiting time. Rabbitail optimizes the execution
of MLP tasks by proactively allocating specific CPU cores and as-
signing dedicated worker threads with fixed CPU affinity to handle
the miss queue processing exclusively. As soon as the missing em-
beddings are retrieved from the SSD, the corresponding MLP tasks
are processed with minimal delay. It also manages the maximum
execution time by dividing large batches of MLP tasks.

Our evaluation of Rabbitail with state-of-the-art recommenda-
tion models shows that Rabbitail achieves 53.7% lower end-to-end
model inference latency compared to the baseline while maintain-
ing the same throughput.

2 Background and Motivation
2.1 Hierarchical Embedding Architecture

A deep learning-based recommendation model typically consists of
a bottom MLP, top MLP, embedding layer, and feature interaction
layer [5, 6, 8, 15], as illustrated in Figure 2. The model predicts the
click-through rate (CTR) using a combination of dense and sparse
features as inputs. Dense features are continuous inputs that un-
dergo processing with MLP layers. Sparse features are transformed
into a dense representation by looking up embedding tables in the
embedding layer. An embedding table is essentially a lookup table
where each row corresponds to a category for a sparse feature and
contains a vector of floating-point values. When given an index

14 The name "Rabbitail" is inspired by the rabbit, known for its short tail. This sym-

bolizes our aim to minimize tail latency in the recommender system.
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Figure 2: Hierarchical embedding cache and storage.

set, an embedding table lookup reads several vectors from the ta-
ble. These vectors are then combined into a single vector using
element-wise operations such as additions and averages before
being concatenated with dense features via feature interaction. Fi-
nally, the outputs of the bottom MLP and embedding layers go
through the top MLP layers to produce a single value representing
the probability of a certain event such as predicted CTR.

Recent studies proposed methods to manage the challenge of
large embeddings in recommendation systems by using SSDs for
storage and DRAM for caching [4, 9, 12, 14], as illustrated in Figure 2.
The hierarchical DRAM-SSD embedding storage system diverges
from an all-DRAM embedding storage model due to its layered
structure and varying access speeds. The speed of accessing the
DRAM cache surpasses that of the SSD storage, creating a pro-
nounced disparity between cache hits and misses. When inference
queries hit all embedding caches (e.g., Query 77), it is crucial to
apply top MLPs promptly rather than waiting for slow retrieval of
embeddings from the SSD for miss queries. For cache-missed infer-
ences, there are variations - some only miss one table (e.g., Query 3),
while others miss all tables (e.g., Query 4). Accessing embeddings
from the SSD is a time-consuming process that is proportional to
the quantity of embeddings. When several embedding tables are
queried and an increased number of embeddings are extracted from
each, this retrieval duration extends accordingly. Consequently, this
leads to longer overall inference times and increases vulnerability
to long-tail latency issues.

2.2 Challenges and Opportunities

To gain a better understanding of hierarchical embedding cache
and storage in recommendation inference, we conducted studies to
identify unexplored challenges and opportunities.

Our analysis begins with a comparison of latency distributions.
Figure 3 shows that using all-DRAM embeddings, assuming un-
limited memory, achieves peak performance with most latencies
under 10ms. In contrast, the hierarchical approach, which combines
DRAM and SSD, generally stays below 20ms but exhibits higher
P99 tail latency up to 63.5ms. This increases both average and tail
latency, highlighting a key challenge in maintaining performance.

Figure 4 explores the impact of missing inferences on batch
latency, with a default batch size of 128. As the number of cache-
missing inferences increases, latency rises significantly. While larger
batches in all-DRAM systems enhance throughput through efficient
SIMD utilization and reduced function call overhead, this advantage
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Figure 4: Latency of a batch of inferences with different num-
bers of miss inferences.

diminishes in systems with hierarchical caches. Strict service level
agreements (SLAs) in recommendation systems impose practical
limits on batch sizes, making current batching schemes sub-optimal
for mixed embedding lookup queries and leading to inefficiencies.
Even a single missed inference can adversely affect the entire batch’s
performance, akin to Liebig’s law of minimums, where slow SSD
lookups act as bottlenecks.

Figure 5 demonstrates the distribution of cache hits per batch.
Most batches achieve a hit count between 90 and 100, indicat-
ing high cache efficiency in handling queries without resorting
to slower SSD storage. However, current scheduling does not op-
timize based on caching efficacy, treating all queries uniformly
despite potential speed gains for cached data.

The utilization of cached embedding tables is illustrated in Fig-
ure 6. It reveals that 64.44% of inferences accessed all five caches,
while 35.56% missed at least one, with a significant portion miss-
ing all five caches. This indicates room for improvement in cache
management strategies.

Table 1 presents the hit ratio of the embedding cache managed
at vector and block granularity. For the five largest embedding
tables, each is assigned a cache size ranging from 3% to 15% of the
table size. The block-based cache improves the hit rate by 4.84%
to 19.15%, with an average increase of 12.73%. This suggests the
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Figure 6: Embedding cache lookup results.

Table 1: Comparison of hit ratio for vector-based and block-
based embedding cache.

ID Table Size Cache Size Hit Ratio
Vector-based Block-based
T2 1237MB 40MB 69.79% 88.94%
T3 269MB 40MB 92.60% 97.44%
T11 1019MB 40MB 74.01% 89.77%
T15 667MB 40MB 81.74% 92.26%
T20 860MB 40MB 77.25% 90.61%

potential to leverage temporal reuse and enhance spatial locality in
block accesses. In recommender systems, embeddings are typically
retrieved as vectors and managed in the DRAM cache, but when
stored on SSD, they are accessed at the block granularity.

In summary, increased latency is a key issue when comparing
all-DRAM to hierarchical DRAM-SSD methods. Cache misses sig-
nificantly affect batch inference latency under strict SLAs limiting
batch sizes. Despite high cache hit rates, current scheduling does
not optimize caching efficiency. Many inferences miss at least one
cache, suggesting potential for improved management. Address-
ing latency and refining cache strategies are vital for enhancing
recommendation systems’ performance and efficiency.
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3 Design to cache embeddings at a granularity of 4KB blocks, as depicted in

3.1 Design Overview

We introduce Rabbitail, an inference scheduler designed for large-
scale deep learning recommender systems that use hierarchical
DRAM embedding cache and SSD embedding storage. This sched-
uler is tailored to minimize tail latency and reduce SLA violations
for inference requests. At its core, Rabbitail operates on the prin-
ciple of treating each recommendation inference in a batch as a
separate entity, independent of others. This approach allows for
flexible scheduling of inferences, which can then be consolidated
into smaller batches based on their respective embedding access
patterns. Figure 7 depicts the design overview of Rabbitail. Rabbitail
consists of three primary components:

1. Cache-based inference dispatcher classifies inferences
into two categories: hit inferences and miss inferences. These
categories are handled differently.

2. Embedding lookup coordinator further prioritizes and
regroups miss inferences based on the number of embedding
they require.

3. MLP task manager applies top MLP operations to both
hit inferences and returned miss inferences that retrieve
embeddings from the SSD embedding table.

3.2

The inference dispatcher, leveraging the embedding vector and
block caches, distinguishes between service classes for cache hit
inferences (for which embeddings are available in the embedding
cache) and cache miss inferences (for which embeddings are not in
the embedding cache).

Cache-Based Inference Dispatcher

3.2.1 Embedding Vector and Block Cache. The use of an embed-
ding vector cache, as depicted in the top left corner of Figure 7,
has been shown to have a high hit ratio by caching frequently
accessed embeddings vectors. Most lookup operations retrieve rele-
vant embedding vectors from the host-side cache, which improves
performance by reducing slower device access times. Our motiva-
tional experiments indicate that we can optimize spatial locality
from block accesses. We have enhanced this by introducing an ad-
ditional layer of embedding cache using the SSD’s internal DRAM
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the bottom right corner of Figure 7. In situations where the cache
is full, we utilize the traditional LRU (Least Recently Used) caching
algorithm to discard those vectors and blocks that have not been
accessed recently.

3.2.2  Inference Dispatching. Figure 7 illustrated the progress of
inference dispatching. Rabbitail divides a set of inference queries
based on embedding vector cache hit/miss and assigns the cor-
responding top MLP tasks to the priority queue. When Rabbitail
receives a batch of queries for inference, it retrieves and loads
the corresponding embedding vectors from the embedding vec-
tor cache. The process of completing a single recommendation
inference query necessitates a thorough search of all embedding
tables, which inherently involves examining all SSD embedding
table caches. Given that the bottom MLP is already completed when
the cached embedding vector returns, the top MLP is triggered as
soon as an inference query successfully accesses all caches. Rab-
bitail labels these successful inference queries as ‘hit’ queries and
queues their corresponding higher MLP tasks in the hit task queue.
Conversely, if any caches are missed, these inference queries are
designated as ‘miss’ queries and are redirected to the SSD for fur-
ther embedding lookup. Any ‘miss’ queries are then scrutinized to
ascertain whether the missed embeddings are present within the
embedding block cache. If located, these inferences are reclassified
as ‘hit’ queries, and their corresponding higher MLP tasks are added
to the hit task queue. The newly fetched embedding vectors loaded
from SSD are stored inside the embedding cache and sent back to
upper layers for further processing.

3.3 Embedding Lookup Coordinator

Retrieving missing embeddings from SSD results in large variances
in query results, leading to high tail latency. These variances mainly
come from the fact that the number of embeddings missed by each
inference is not always consistent. Some inferences may miss only
one embedding table, while others may miss all embedding tables.
To this end, an embedding lookup coordinator is developed to
handle miss inferences. It employs on-demand embedding table
lookup strategy and reordering mechanism to optimize the retrieval
process of embeddings stored on SSD.
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3.3.1 Pre-loading Embedding Table Lookup. When an embedding an on-demand embedding table lookup strategy. This method in-

cache lookup fails, misses are batched based on the number of dis-
tinct tables they could not find. Multiple queries often miss embed-
dings from the same table as shown in Figure 2. For example, Query
1 and 2 fail to retrieve data from overlapping sets of tables. Missed
embeddings are retrieved by querying each table sequentially—a
method we term pre-loading embedding table lookup. Queries miss-
ing data from only one table can proceed directly to applying the
top MLP after retrieval, while those missing multiple tables must
wait until all their required embeddings are fetched. This sequential
access ensures that more queries become ready for progression at
every step until all necessary embeddings are obtained.

Figure 8a shows the pre-loading process for embedding table
lookup. Initially, 95 inference queries accessed all five caches and
immediately executed top MLP operations. Subsequent missing em-
beddings were fetched sequentially from respective tables. Specifi-
cally, out of 33 inferences with missing embeddings from table 1,
only six exclusively required this table before proceeding with their
MLP operations. As queries moved through tables 2 to 4, more infer-
ences obtained necessary embeddings until the final nine retrieved
theirs from table 5, completing the batch.

A major issue with the pre-loading embedding table lookup
strategy is its tight coupling of inferences during SSD embedding
lookups due to bulk retrieval. This method retrieves all missing
embeddings at once, even if some aren’t immediately needed be-
cause data from other tables is absent. For instance, although only
four inferences required immediate embeddings from table 2, they
had to wait for an additional 23 retrievals due to this collective
fetching approach, resulting in a total of 27 embedding lookups and
unnecessarily delaying execution times.

3.3.2 On-demand Embedding Table Lookup. To resolve the chal-
lenge of pre-loading embedding table lookups strategy, we propose
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volves fetching only the necessary embeddings from relevant tables
as needed, instead of loading entire tables at once. Consequently,
each table is accessed multiple times to acquire specific embeddings.
The advantage of this technique is that it allows for rapid retrieval
of required embeddings even if one or a few tables are missed
during inference, facilitating a swift transition to subsequent MLP
stages. The time taken for embedding lookups on SSDs increases
with the number of embeddings fetched; therefore, dividing missed
embeddings into several smaller queries reduces both the size and
frequency per query and minimizes delays in batch processing.

Figure 8b demonstrates our proposed on-demand embedding
table lookup strategy. For example, six inferences that required
only the embeddings from table 1 were able to swiftly acquire them
and move on to MLP operations. Meanwhile, four inferences that
needed data from both tables 1 and 2 had to sequentially fetch this
information before they could proceed with additional processing
steps. When multiple tables are implicated, the inferences efficiently
request the requisite embeddings from each relevant table as needed,
thus avoiding overburdening any individual query.

3.3.3 On-demand Embedding Table Lookup with Reordering. We
have noticed that the order in which we perform lookups on em-
bedding tables can greatly affect tail latency. This is because the
number of embeddings to be retrieved during inference varies de-
pending on the sequence of table lookups. Retrieving embeddings
from SSDs is done sequentially due to hardware limitations, result-
ing in a queue for multiple requests for lookup. Therefore, we must
consider the waiting time for these requests as well. Inferences that
stall by more embedding lookups have a high chance of becom-
ing the “tail” end of the distribution of latency. With this in mind,
the idea is to minimize the number of miss inferences that have
longer waiting times in the end. We take into account the number
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of missed embedding tables and the number of missed embedding
in each table. We prioritize inferences that lack a greater number
of embeddings to retrieve embeddings first, while those missing
fewer embeddings are scheduled subsequently. As a trade-off, we
choose to sacrifice some average waiting time to enable inferences
that require more time to execute as soon as possible. Because in-
ferences that miss few embedding tables need to wait for longer
times before their embeddings can be retrieved. Figure 8c shows
the timeline of on-demand embedding table lookup with reordering
mechanism. Compared to other strategies, fewer inferences will
be executed for the operation of retrieving embeddings at the end.
Currently, only four inferences are executed, whereas nine were
executed previously.

3.4 MLP Task Manager

Hierarchical embedding cache and storage in recommendation
systems introduce complex MLP processing, resulting in variable
response times and a risk of long delays compared to traditional
DRAM-only architectures. This variability arises firstly because
MLP operations depend on whether they access data from the cache
or must retrieve it from SSDs when the cache is missed. When
embeddings are directly available in the cache, MLP operations pro-
ceed swiftly; otherwise, they’re delayed as embeddings are fetched
batch by batch from SSDs. Secondly, the inconsistency in batch
sizes for MLP operations stems from fluctuating hit rates of the
embedding cache across different batches. Within a single inference
batch, those that miss are split into sub-batches of various sizes,
which can further complicate processing times—especially since
hits typically outnumber misses due to efficient caching.

To mitigate these latency issues, we propose a tail latency-aware
MLP task manager with two key strategies: dedicated resource
allocation for prompt processing of miss queue MLP tasks; and
managing maximum execution time by dividing larger batches
into smaller ones for processing. The task manager is illustrated in
Figure 7, located at the upper right corner of the diagram.

3.4.1 Dedicated Resource Allocation Strategy. Rabbitail employs a
dedicated resource allocation strategy to effectively manage tasks
that experience cache misses, ensuring minimal latency and main-
taining system responsiveness. The framework differentiates be-
tween two task queues based on cache lookup results: the hit task
queue for tasks successfully retrieving embeddings from DRAM,
and the miss task queue for tasks requiring data from SSD storage.
This separation allows us to tailor resource allocation strategies to
the specific needs of each task type.

The primary latency challenge for cache miss tasks stems from
the time taken to access data from SSDs. However, once data re-
trieval is complete, immediate processing is crucial to minimize
overall latency. By dedicating specific CPU cores and assigning
worker threads with fixed CPU affinity to handle the miss queue,
Rabbitail ensures these tasks are processed without delay. This
setup prevents them from competing with other tasks for CPU
resources, thus avoiding additional scheduling delays and reducing
variability in response times.

To implement this strategy, we reserve specific CPU cores ex-
clusively for processing miss tasks. Worker threads are bound to
these cores through fixed CPU affinity, reducing context-switching
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overhead and ensuring consistent processing speeds. Additionally,
the system proactively manages these resources, anticipating cache
misses and preparing the necessary computational power in ad-
vance. This proactive approach ensures that once data is retrieved,
the tasks can be processed immediately.

3.4.2 Threshold-based Batch Splitting. The size of successful cache
hit inferences can be considerably larger than unsuccessful ones,
owing to the high hit ratio of the embedding cache. Generally,
using larger batch sizes can enhance throughput by optimizing
hardware SIMD architecture utilization and minimizing software
overhead. However, when considering tail latency, increased batch
sizes add computational load and may lead to slower response times.
Real-time recommendation systems must balance this against SLA
requirements when selecting an optimal batch size.

To address this challenge, we propose dividing large batches
into smaller segments once they exceed a certain threshold. This
strategy involves identifying batches prone to contributing to tail
latency and breaking them down for processing while leaving less
problematic batches intact. The subdivided batches are then pro-
cessed concurrently in a task pool, which helps spread out the
computational demands more evenly among threads and reduces
the risk of congestion from several large batches. The effectiveness
of this method depends on setting an effective threshold, which is
determined by monitoring the ongoing 99" percentile performance
metric. We start with a threshold equal to the initial inference re-
quest’s batch size and adjust it dynamically over time based on
observed performance trends.

4 Implementation

We implemented the top and bottom layers of the multi-layer per-
ceptron (MLP) using LibTorch, Pytorch’s C++ library. To manage the
embedding vector cache efficiently, we utilized FlashEmbedding’s
interface for embedding lookups [12]. We designed an embedding
block cache within the SSD’s onboard DRAM to avoid typical SSD
processing bottlenecks. The cache is distributed across 16 individual
chips, creating 16 separate caching areas. This arrangement ensures
that blocks are stored in their respective chip-related regions. Each
area can hold up to 16 blocks or four pages from its designated chip.

Rabbitail handles inference requests asynchronously, using a
separate thread to dispatch them into an inference queue. It gener-
ates these queries in batches based on a Poisson distribution, which
is used to simulate real-world traffic patterns of recommendation
services in production data centers [5]. Rabbitail processes these
requests using a thread pool that allows for non-blocking task exe-
cution in FIFO order. Upon receiving an inference request, Rabbitail
concurrently processes the bottom MLP and embedding layer. If all
embeddings are cached, it proceeds with the top MLP; otherwise, it
handles cache misses by sending SSD embedding lookup requests
to its dedicated thread pool. A priority queue manages these tasks
based on their urgency, with worker threads executing tasks from
the front of the queue before moving onto subsequent ones.

To prevent interference, we allocate specific CPU cores to compute-
intensive MLP tasks and to embedding lookup, ensuring they re-
main on their designated cores. Additionally, we assign dedicated
worker threads with fixed CPU affinity to exclusively handle the
miss queue processing.
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Figure 9: Hardware prototype of SSD embedding storage.

Table 2: Hardware specification of SSD embedding storage.

Item Description

Host Interface PCle Gen.3 x 4

Protocol NVMe 1.2

Module Capacity 477GB

SSD Architecture 8 channels, 8 ways, 2 cores

Storage Medium  SLC NAND flash, MLC NAND flash, and TLC NAND flash
Mapping Region  64MB

Max DDR size 4GB

5 Evaluation

5.1 Experimental Setup

Testbed. We evaluate Rabbitail on a server equipped with an eight-
core Intel(R) Core(TM) i7-6700 CPU @ 3.40GHz and 64GB DRAM.
We utilize the Pipette’s YS9203 NVMe SSD development board [1]
to store embedding tables. Pipette is a framework that leverages the
byte-accessibility of modern SSDs through PCle interconnection,
allowing programs to seamlessly access data across the SSD and
host DRAM with little overhead, and significantly reducing read
amplification. We modify Pipette’s SSD firmware and extend the
NVMe command set to support fine-grained reads from embed-
ding tables in an embedding vector granularity. The details of our
prototype can be found in Figure 9 and Table 2.

Datasets and models. We evaluated Rabbitail’s effectiveness us-
ing publicly available datasets from Criteo AI Labs [3]. The dataset
includes 26 embedding tables; we allocated the five largest tables
(98.3% of total size) to SSD storage, keeping the smaller tables in
main memory. We used DLRM [6] as our primary model due to its
accurate mimicry of industrial models’ execution flows.

Baselines. Our primary baseline, FlashEmbedding [12], sup-
ports hierarchical embedding systems and processes requests syn-
chronously, causing inference delays until all operations complete.
We modified it to a non-blocking mode for fair comparison, denoted
as Baseline in our recommender system prototype. Enhancements
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Figure 10: Latency distribution of Baseline and proposed
approaches.

include +Dispatcher, using an embedding cache-based dispatcher;
+Dispatcher+Emb and +Dispatcher+MLP, which optimize SSD
embedding lookups and MLP executions respectively; and Rab-
bitail, which integrates all optimizations into the Baseline.

Inference requests follow a Poisson distribution, occurring on
average every 30 milliseconds. We present the results of tail la-
tency and throughput using real-world workloads when comparing
Rabbitail with alternative methods.

5.2 Tail Latency

We start by analyzing the latency differences between the Baseline
and our proposed methods. The latency distributions for both the
baseline and Rabbitail’s techniques are shown in a histogram, as
seen in Figure 10. In this graph, the X-axis represents recommen-
dation inference latency, and the Y-axis indicates their frequency.
Additionally, a vertical line marks the p99 latency for each method.
Based on this data, we make the following observations.

First, it is evident that all methods typically adhere to a log-
normal distribution pattern. Notably, each method’s distribution
displays a bimodal characteristic with one pronounced peak and an-
other less significant one. This dual-peak phenomenon is especially
marked in the +Dispatcher and +Dispatcher+MLP methods. This
observation underscores the significant influence of embedding
cache hits and misses on the distribution shape.

Second, Rabbitail significantly outperforms the Baseline in terms
of both average and tail latency. While the Baseline typically ex-
hibits a latency around 25ms for most inferences, it extends up to
54ms for the slowest 1%. In contrast, Rabbitail consistently achieves
inference times below 10ms, with its p99 latency reduced by an
impressive 53.7%, bringing it down to just 25ms.

Third, all techniques employed in Rabbitail contribute to the
lower tail latency. The embedding cache-based inference dispatcher
technique reduces p99 latency by 26%. This efficiency primarily re-
sults from Rabbitail’s approach of distinguishing between cache hits
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Figure 11: Throughput of Baseline and proposed approaches.

and misses during inference, enabling immediate processing of top
MLPs upon a cache hit without waiting for slower SSD embedding
lookups to finish. Our motivational experiments with the Criteo
dataset show a high hit ratio, highlighting substantial opportunities
for accelerated execution. In contrast, the conventional baseline
method does not differentiate based on embedding cache status and
processes all inferences uniformly, leading to extended delays even
when embeddings are already cached. Additionally, our refined
approach to embedding lookup further reduces p99 tail latency by
22%. This improvement stems from an on-demand retrieval method
that limits the number of queried embeddings and an optimized
sequence of lookups that shortens waiting times during inference
processes. Enhancements in MLP technology have a minimal im-
pact on reducing tail latency—only a 3% reduction—as the primary
bottleneck remains with slow SSD embedding retrievals rather than
CPU performance during MLP computations.

5.3 Throughput

We also evaluate the throughput of Baseline and our proposed
Rabbitail approaches. Figure 11 shows the throughput in terms of
inferences per second for each approach. We use a background
thread to periodically measure performance with one second inter-
val time. The box plot depicts the distribution of throughput and
skewness. For each approach, we present various metrics: the mini-
mum throughput, 1st percentile, first quartile (Q1), median, third
quartile (Q3), 99th percentile, and the maximum throughput. Our
findings indicate that Rabbitail and +Dispatcher+EMB perform on
par with Baseline in terms of throughput. However, the +Dispatcher
and +Dispatcher+MLP methods show a marked improvement in
inference speed — averaging an increase from 4209 to 6030 infer-
ences per second — which translates to a significant enhancement
of approximately 43.26%.

The speed at which inferences are made largely depends on the
time it takes to retrieve embedding tables from SSDs. Both the
+Dispatcher and +Dispatcher+MLP techniques employ a method
that pre-loads vectors in these tables, resulting in lengthy load times
but fewer SSD queries. During this loading phase, top MLPs that
hit the embedding cache can be immediately forwarded to the MLP
Task Manager for execution without waiting for prior requests to
finish. This strategy enhances throughput by allowing more top
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Figure 12: Latency distribution of Baseline and Rabbitail.

MLPs to process concurrently as new inference requests come in,
despite potential fluctuations in performance.

On the other hand, +Dispatcher+Emb and Rabbitail use an on-
demand lookup strategy that breaks down all missed embeddings
into smaller batches. By querying fewer embeddings at once, this ap-
proach minimizes delays caused by processing large batches of data
during inference sessions. Although this method only marginally
increases overall throughput, it effectively reduces the likelihood
of long-tail associated with extensive embedding retrieval tasks.

5.4 Sensitivity Analysis

5.4.1 Impact of Query Arrival Delay. We examine the impact of
reduced inference query arrival delays on Rabbitail’s performance.
Figure 12 depicts the latency distribution comparison between Base-
line and Rabbitail under varied inference query arrival delays. By
shortening the average interval from 30 milliseconds to 20 mil-
liseconds, we observed that a quicker arrival rate increases system
workload. This can lead to competition for computational resources
and potentially extend processing times for inference requests. The
slower SSD embedding lookup is particularly affected, resulting in
increased p99 tail latency for both baseline and Rabbitail methods.
Figure 13 illustrates how throughput changes when the query ar-
rival delay decreases. Our findings show that while the baseline
method experienced a 42.59% rise in p99 tail latency, Rabbitail saw
only a 32% increase—demonstrating its superior performance under
these conditions.

5.4.2 Impact of Recommendation Model Size. We investigated the
impact of different sizes for Rabbitail’s recommendation model,
focusing on three variations: small, medium, and large, based on
trainable parameters. The latency distribution of Baseline and Rab-
bitail with different MLP sizes is presented in Figure 14. Our analysis
revealed that as we scaled down the top MLP model size, both av-
erage latency and p99 tail latency tended to decrease. This trend
aligns with expectations since the MLP constitutes only a minor
portion of the entire execution process. However, it is important to
highlight that reducing the MLP size has an additional benefit in
our system design. A smaller MLP enhances the speed at which hit
embedding cache inference occurs. Consequently, this acceleration
significantly reduces inference latency overall, enabling quicker
responses to recommendation queries.
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5.5 Discussion

Our goal in this paper is to minimize latency distribution tails for
recommendation inferences, improving response times and user ex-
perience, while acknowledging that eliminating all variability may
not be possible. This paper focuses on enhancing recommendation
models that rely heavily on embeddings by integrating hierarchical
embedding caches and storage systems. MLP-dominated models can
benefit from specialized devices such as GPUs. However, as model
dimensions—width, depth, or embedding layer size—expand, they
frequently exceed the memory capabilities of production servers
and even more so the constrained memory capacity available on
GPUs. The concepts discussed here have potential applications for
large-scale recommendation systems that utilize GPU technology,
a prospect we aim to explore in future research.

6 Conclusion

This paper presents Rabbitail, an inference scheduler for deep
learning-based recommendation systems with hierarchical archi-
tectures utilizing DRAM embedding cache and SSD embedding
storage. Rabbitail optimizes inference by differentiating cache hits
from misses, allowing faster processing of cached data while manag-
ing slower SSD fetches efficiently. Evaluation shows that Rabbitail
demonstrated a reduction in end-to-end model inference latency
compared to the baseline without compromising throughput.
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